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Reply to Reviewers (EAAI-23-7749) 
 

 
We would like to express thanks to the four reviewers for their valuable and 
constructive comments concerning our submission entitled “Non-uniform 
allocation of information granularity to improve consistency and consensus in 
multi-criteria group decision-making: Application to building refurbishment”. 
 
The manuscript has been revised to fully address the issues raised in the reviews. 
We have spared no efforts to revise and improve the manuscript according to the 
constructive comments provided by the four reviewers. In what follows, we 
present in detail on how the manuscript has been modified. To enhance readability 
of the presentation, the reviewers’ comments are shown in italics. Excerpts taken 
from the revised manuscript are shown in smaller fonts (11 pts). 
 
  

Response to Reviewers
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Reviewer 1 
 
This paper focuses on introducing a novel granular-based approach improving 
both consistency and consensus in multi-criteria GDM problems. The paper is 
interesting and written well. 
 
Thank you for your positive comments. 
 
I think authors still need to make some minor revisions for its publication in this 
journal. 
 
1. The linguistic quality should be improved to guarantee a smooth reading. 
 
Following the reviewer's suggestion, the manuscript has been revised again and 
some typographical and grammatical errors have been corrected. Furthermore, 
expressions have been corrected to better clarify the content and explanation of the 
manuscript. 
 
2. The motivations and contributions of this study should be clearly described in 
Introduction Section. 
 
Thank you for your remark. In the paradigm of Granular Computing, an 
information granularity level can be uniformly or non-uniformly distributed. It has 
been shown that a non-uniform distribution of information granularity achieves 
better results than a uniform distribution of information granularity. However, in 
multi-criteria group decision-making, the models based on a non-uniform 
distribution of information granularity only improve the consensus or the 
consistency, but not both. In addition, they are based on an automatic process. On 
the other hand, in the practical group decision-making, the evaluations are 
modified and reassessed with the essential involvement of the participants. 
Therefore, to enhance the existing multi-criteria group decision-making models 
based on the paradigm of Granular Computing, in this study, we develop the first 
group decision-making model based on a non-uniform distribution of information 
granularity that improves both consensus and consistency in multi-criteria 
environments allowing the involvement of the participants in the process of 
modification and reassessment of the evaluations. This has been clarified in the 
Introduction Section as follows: 
 
“Their common characteristic is the adoption of a uniform allocation of information granularity. 
Although they allow to increase the consistency, the consensus, or both, while they restrict the 
range where the evaluations can be changed, thanks to the information granules, some studies 
have demonstrated that the performance and flexibility of these models could be enhanced 
through a non-uniform allocation of a different information granularity to the entries of the 
preference relations (Cabrerizo et al., 2023; Zhang et al., 2022). 
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There are however unresolved issues in the models based on a non-uniform 
allocation of information granularity that need to be addressed. The models developed by 
Cabrerizo et al. (2022a) and Cabrerizo et al. (2023) only deal with, and the model proposed 
by Cabrerizo et al. (2022b) only deals with the improvement of consensus. In addition, they 
are based on an automatic modification process that does not involve the participation of 
the group members. However, in real-world GDM, the evaluations should be modified and 
reassessed with the essential involvement of the participants. The models introduced by 
Zhang et al. (2022) and Zhang et al. (2023) improve both consensus and consistency but 
cannot deal with multi-criteria GDM problems (Boix-Cots et al., 2023), in which the 
preference of an alternative over other is measured keeping in mind diverse criteria instead 
of evaluating it as a whole (Huang et al., 2023; Liao et al., 2022). And the models presented 
by Qin et al. (2023a) and Qin et al. (2023b) are extensions of the best-worst method that 
improve both consensus and consistency in multi-criteria scenarios, but they do not involve 
the participation of the group members in the modification process. In order to enhance the 
existing models based on a non-uniform allocation of information granularity, this study 
aims to build the first granular-based approach that improves both consistency and 
consensus in multi-criteria GDM problems and that allows the participation of the group 
members in the modification process. Assuming fuzzy preference relations to model the 
group members’ evaluations, this general objective leads to the following main 
contributions of this study: 
 

• We develop an automatic process of consensus and consistency improvement based 
upon a non-uniform allocation of information granularity. Assuming an average 
level of information granularity, it preserves the initial fuzzy preference relations 
while improving the consensus and the consistency to the greatest extent. 

 
• We introduce an interactive process that involves the participation of the group 

members. Based on the above automatic process of consensus and consistency 
improvement, it provides a complete application framework for real-world multi-
criteria GDM problem-solving.” 

 
In addition, the following references have been added to the bibliography: 
 

§ Cabrerizo, F.J., González-Quesada, J.C., Herrera-Viedma, E., Kaklauskas, 
A., Pedrycz, W., 2022a. Managing inconsistency with an optimal 
distribution of information granularity in fuzzy preference relations, in: 
Proc. IEEE Int. Conf. Syst. Man Cybern. (SMC), Prague, Czech Republic. 
pp. 359-364. 

§ Cabrerizo, F.J., González-Quesada, J.C., Morente-Molinera, J.A., Pérez, 
I.J., Herrera-Viedma, E., Pedrycz, W., 2022b. An improvement of 
consensus in group decision-making through an optimal distribution of 
information granularity, in: Proc. IEEE Symp. Ser. Comput. Intell. (SSCI), 
Singapur. pp. 119-124. 

§ Qin, J., Ma, X., Liang, Y., 2023a. Building a consensus for the best-worst 
method in group decision-making with an optimal allocation of information 
granularity. Inf. Sci. 619, 630-653. 
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§ Qin, J., Ma, X., Pedrycz, W., 2023b. A granular computing-driven best-
worst method for supporting group decision making. IEEE Trans. Syst. 
Man Cybern. Syst. 53, 5591-5603. 

 
3. Some comments on “multi-criteria GDM methods” are not accurate. Authors 
need to read the following papers carefully: DOI: 10.1016/j.omega.2023.102839; 
10.1016/j.cie.2022.108281; 10.1109/TEM.2021.3138970. 
 
Thank you for your remark. We have addressed this issue by defining a multi-
criteria group decision-making as described in reference (Liu et al., in press). This 
has been done at the beginning of Section 2.1 as follows: 
 
“It refers to the process in which multiple decision-makers evaluate a set of alternatives 
under different criteria (attributes). Its purpose is to select the best one from the set by 
considering that different decision-makers can have diverse viewpoints on the decision 
problem, which potentiates the appearance of additional conflicting decision criteria (Amiri 
et al., 2021; Boix-Cots et al., 2023; Jin et al., 2022, 2023; Liu et al., in press).” 
 
Furthermore, the following related references have been added to the bibliography: 
 

§ Jin, F., Cai, Y., Zhou, L., Ding, T., 2023. Regret-rejoice two-stage 
multiplicative DEA models-driven cross-efficiency evaluation with 
probabilistic linguistic information. Omega 117, 102839. 

§ Jin, F., Cai, Y., Pedrycz, W., Liu, J., 2022. Efficiency evaluation with 
regret-rejoice cross-efficiency DEA models under distributed linguistic 
environment. Comput. Ind. Eng. 169, 108281. 

§ Liu, J., Shao, L., Jin, F., Tao, Z., in press. A multi-attribute group decision-
making method based on trust relationship and DEA regret cross-efficiency. 
IEEE Trans. Eng. Manag. 

§ Cai, Y., Jin, F., Liu, J., Zhou, L., Tao, Z., 2023. A survey of collaborative 
decision-making: Bibliometrics, preliminaries, methodologies, applications 
and future directions. Eng. Appl. Artif. Intell. 122, 106064. 

§ Liu, J., Bao, A., Jin, F., Zhou, L., Shao, L., 2023. Group decision-making 
with multiplicative probabilistic linguistic preference relations based on 
consistency improvement and upgraded multiplicative DEA cross-
efficiency. J. Intell. Fuzzy Syst. 44, 9395-9410. 

 
4. Can you assure that Model (14) has optimal solutions? Whether the optimal 
solution is unique? 
 
Thank you for your observation. To solve the optimization model presented in 
(14), the PSO has been employed as it has also been used in similar related 
approaches. However, it is true that we should note that while this framework 
maximizes the values reported by the fitness function, it does not guarantee an 
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optimal result, rather than we may refer to it as the best solution that is produced 
by the PSO algorithm. It has been clarified in the Concluding remarks and future 
research directions Section as follows: 
 
“The proposed granular-based multi-criteria GDM approach makes use of the PSO. This 
algorithm has been utilized as some related approaches have shown that it serves an 
appropriate optimization framework (Cabrerizo et al., 2014; Liu et al., 2018a). 
Nevertheless, even though this algorithm maximizes the value returned by the fitness 
function, it does not guarantee an optimal result (we may refer to it as the best solution 
obtained by the PSO). Other related approaches have employed the differential evolution 
(Cabrerizo et al., 2022b; Zhang et al., 2022). However, like the PSO, it is metaheuristic 
algorithm that may also end up in a local optimum. Therefore, to solve this shortcoming, it 
is necessary to make use of an optimization algorithm guaranteeing that the global optimum 
is reached.” 
 
In addition, we have revised the use of the word “optimal” in the manuscript to 
clarify that the distribution of information granularity is non-uniform instead of 
optimal as it cannot been proved. 
 
5. The necessary time complexity analysis of Algorithm 2 is missing. 
 
Thank you for your comment. Algorithm 2 consists in solving model (16) to obtain 
the modified fuzzy preference relations that maximizes both the consensus and the 
consistency according to a non-uniform distribution of an average level of 
information granularity. Then, these modified fuzzy preference relations, which 
are viewed as a decision support, are presented to the decision-makers, who use 
them as an aid for changing the fuzzy preference relations that they provided. In 
the experimental studies performed, the computation time of the PSO to solve 
model (16) is low (about 5-6 seconds). Therefore, most of the time depends on the 
time spent by the decision-makers to modify their fuzzy preference relations, 
which is difficult to calculate, as some decision-makers spends 1 or 2 minutes and 
others spend more than 5. It means that the computation time spent by the PSO to 
solve model (16) is lower than the time spent by the decision-makers to modify 
their fuzzy preference relations. In fact, the computation time associated with 
solving model (16) is low, so it is not important here. 
 
6. The authors had better enhance the discussion for limitations of this proposed 
approaches and the future directions in the conclusion section. 
 
We have addressed this question by modifying the future directions in the 
Concluding remarks and future research directions Section according to the 
limitations of the proposal. In such a way, the future directions have been rewritten 
as follows: 
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“Based upon this study, these future research directions emerge as a first step at attempting 
to improve it:  
 

§ The proposed granular-based multi-criteria GDM approach makes use of the PSO. 
This algorithm has been utilized as some related approaches have shown that it 
serves an appropriate optimization framework (Cabrerizo et al., 2014; Liu et al., 
2018a). Nevertheless, even though this algorithm maximizes the value returned by 
the fitness function, it does not guarantee an optimal result (we may refer to it as the 
best solution obtained by the PSO). Other related approaches have employed the 
differential evolution (Cabrerizo et al., 2022b; Zhang et al., 2022). However, like the 
PSO, it is metaheuristic algorithm that may also end up in a local optimum. 
Therefore, to solve this shortcoming, it is necessary to make use of an optimization 
algorithm guaranteeing that the global optimum is reached. 

 
§ The average level of information granularity admitted by the decision-maker is a 

synonym of her/his flexibility, i.e., the higher the admitted value, the higher the 
decision-maker’s cooperation to improve consensus and consistency. In the 
examples performed in this study, we have assumed that all decision-makers admit 
the same average level of information granularity. However, a complete analysis of 
the decision-makers’ behaviour should be performed to recognize the factors that 
influence the decision-maker’s behaviour and deal with non-cooperative behaviours 
(Wu et al., 2021; You et al., 2023).” 

 
In addition, the following references have been added to the bibliography: 
 

§ Wu, J., Cao, M., Chiclana, F., Dong, Y.C., Herrera-Viedma, E., 2021. An 
optimal feedback model to prevent manipulation behavior in consensus 
under social network group decision making. IEEE Trans. Fuzzy Syst. 29, 
1750-1763. 

§ You, X., Hou, F., Chiclana, F., 2023. Consensus reaching process with 
noncooperative behaviors in large-scale group social network environment. 
Appl. Soft Comput. 144, 110454. 

 
7. I think that authors should enhanced the comparison with recent methods. 
 
A comparison of the results of a group decision-making model with other group 
decision-making approaches is not a straightforward task. There are two main 
reasons. First, the structure and the domain used to model the decision-makers’ 
evaluations (frequently, the models allow the decision-makers to express their 
evaluations in a different way). Second, the characteristics considered by the 
models, which are often different. Consequently, a quantitative comparison would 
be not either fair or meaningful. Anyway, we have added the following paragraph 
at the end of Section 4.5 (Comparative analysis) to clarify this fact and to compare 
the proposed approach with the existing approaches based on a non-uniform 
distribution of information granularity:  
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“To put the obtained results by the proposed granular-based approach in a certain context, 
we have compared them with the results obtained by a granular-based approach based on 
a uniform distribution of information granularity. It has been possible because both 
approaches use fuzzy preference relations to represent the decision-makers’ evaluations and 
try to improve both the consistency and the consensus in multi-criteria GDM scenarios. 
However, a comparison of the results of a GDM approach with other approaches usually is 
not a straightforward task because the approaches use different structures and domains of 
evaluation representation, or they deal with different aspects of the GDM process. As a 
result, a quantitative comparison would not be meaningful. Anyway, we next elaborate on 
the advantages of the proposed granular-based approach in comparison with the existing 
granular-based approaches based on a non-uniform distribution of information 
granularity. The approaches presented by Cabrerizo et al. (2022a), Cabrerizo et al. (2022b), 
and Cabrerizo et al. (2023), neither improve both the consistency and the consensus nor 
allow the participation of the decision-makers in the modification process. The approaches 
developed by Zhang et al. (2022) and Zhang et al. (2023), even though they improve both 
the consistency and the consensus and allow the participation of the decision-makers in the 
modification process, cannot handle multi-criteria GDM settings. The approaches 
introduced by Qin et al. (2023b) and Qin et al. (2023a), even though they improve both the 
consensus and the consistency in multi-criteria settings, do not allow the participation of the 
decision-makers in the modification process. Different from these approaches, the proposed 
granular-based approach improves both the consistency and the consensus in multi-criteria 
GDM scenarios and allow the participation of the decision-makers in the modification 
process.” 
 
8. The data of in Section 5, how did you get these data? Or what is the basis to set 
values of these indicators. 
 
Thank for your remark. The data of Section 5 (A case study of building 
refurbishment) are obtained from the technical task of the building, which is 
available at the following reference (in annex B): 
 

§ Velykorusova, A., 2023. Development of a method and intelligent decision 
support system for sustainable renovation of the built environment. Phd 
thesis. Vilnius Gediminas Technical University. Available at 
http://dspace.vgtu.lt/bitstream/1/4360/3/AVelykorusovos%20disertacija.p
df. 

 
To clarify it, we have added that reference to the bibliography and we have cited 
it at the beginning of Section 5 (A case study of building refurbishment). 
 
9. The flow chart of the proposed method should be added in the paper. 
 
Thank you for your remark. We have addressed it by adding two figures depicting 
the flow chart of the automatic process (Figure 1) and the flow chart of the 
interactive process (Figure 2). You can find them in pages 14 and 16.  
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Reviewer 2 
 
This article proposes a group decision-making process based on optimal 
information distribution and demonstrates it with a case study on changing the use 
of a building. Overall, the article has high quality and solves the problem of 
improving consensus and consistency in a fuzzy environment. 
 
Thank you for your positive comments. 
 
1. For this article, I have some minor questions. Firstly, the author used PSO to 
solve model 14, which is a local optimization method and relies on the selection of 
initial values. In cases where there is not a unique solution, will the local solution 
provided by the author cause changes in decision outcomes? In other words, 
further explanation is needed for the issue of result stability. 
 
Thank you for your observation. We have applied the PSO because it has been 
used in other similar approaches (for example, Cabrerizo et al., 2014; Liu et al., 
2018), where it has been shown that the PSO serves as an appropriate optimization 
framework for this type of optimization problems. However, as you note, this 
framework maximizes the values reported by the fitness function, but it does not 
guarantee an optimal result, rather than we may refer to it as the best solution that 
is generated by the PSO. Therefore, to solve this limitation, it could be convenient 
to apply an optimization algorithm guaranteeing that the global optimal solution is 
achieved. This has been clarified by adding the following future research direction 
at the Concluding remarks and future research directions Section: 
 
“The proposed granular-based multi-criteria GDM approach makes use of the PSO. This 
algorithm has been utilized as some related approaches have shown that it serves an 
appropriate optimization framework (Cabrerizo et al., 2014; Liu et al., 2018a). 
Nevertheless, even though this algorithm maximizes the value returned by the fitness 
function, it does not guarantee an optimal result (we may refer to it as the best solution 
obtained by the PSO). Other related approaches have employed the differential evolution 
(Cabrerizo et al., 2022b; Zhang et al., 2022). However, like the PSO, it is metaheuristic 
algorithm that may also end up in a local optimum. Therefore, to solve this shortcoming, it 
is necessary to make use of an optimization algorithm guaranteeing that the global optimum 
is reached.” 
 
2. Secondly, the author compares the group decision results of the average 
information distribution model. It needs to be explained whether this comparison 
is comprehensive, i.e., whether the purpose of this article is only to improve on the 
average information distribution, or whether it applies to other similar methods. 
 
The aim of this study is to enhance the existing approaches based on a non-uniform 
distribution of information granularity by proposing the first granular-based 
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approach improving both consistency and consensus in multi-criteria GDM 
problems and allowing the participation of the decision-makers in the modification 
process of the evaluations. Given the fact that the existing approaches based on a 
non-uniform distribution of information granularity deal with different features of 
the GDM problem, it is difficult to perform a quantitative comparison. However, 
to put the obtained results in a certain context, we have compared them with the 
results obtained by the approaches dealing with the same features of the GDM 
problem, but assuming a uniform distribution of information granularity. It helps 
understand the superiority of the approaches based on a non-uniform allocation of 
information granularity over those ones based on a uniform distribution of 
information granularity. To clarify it, we have added the following paragraph at 
the end of Section 4.5 (Comparative analysis): 
 
“To put the obtained results by the proposed granular-based approach in a certain context, 
we have compared them with the results obtained by a granular-based approach based on 
a uniform distribution of information granularity. It has been possible because both 
approaches use fuzzy preference relations to represent the decision-makers’ evaluations and 
try to improve both the consistency and the consensus in multi-criteria GDM scenarios. 
However, a comparison of the results of a GDM approach with other approaches usually is 
not a straightforward task because the approaches use different structures and domains of 
evaluation representation, or they deal with different aspects of the GDM process. As a 
result, a quantitative comparison would not be meaningful. Anyway, we next elaborate on 
the advantages of the proposed granular-based approach in comparison with the existing 
granular-based approaches based on a non-uniform distribution of information 
granularity. The approaches presented by Cabrerizo et al. (2022a), Cabrerizo et al. (2022b), 
and Cabrerizo et al. (2023), neither improve both the consistency and the consensus nor 
allow the participation of the decision-makers in the modification process. The approaches 
developed by Zhang et al. (2022) and Zhang et al. (2023), even though they improve both 
the consistency and the consensus and allow the participation of the decision-makers in the 
modification process, cannot handle multi-criteria GDM settings. The approaches 
introduced by Qin et al. (2023b) and Qin et al. (2023a), even though they improve both the 
consensus and the consistency in multi-criteria settings, do not allow the participation of the 
decision-makers in the modification process. Different from these approaches, the proposed 
granular-based approach improves both the consistency and the consensus in multi-criteria 
GDM scenarios and allow the participation of the decision-makers in the modification 
process.” 
 
3. Finally, the reference list is quite lengthy, and it is recommended to be more 
concise and include more up-to-date references. e.g., Managing Overconfidence 
Behaviors from Heterogeneous Preference Relations in Linguistic Group Decision 
Making. IEEE Transactions on Fuzzy Systems, 2023, DOI: 
10.1109/TFUZZ.2022.3226321, ACM Transactions on Internet Technology, 2022, 
DOI: 10.1145/3533432. 
 
Following the reviewer's comment, some references have been removed. In 
addition, more recent references have been included. As an example, the following 
references have been added to the bibliography: 
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§ Ran, Q., Chao, X., Cabrerizo, F.J., Herrera-Viedma, E., 2023. Managing 

overconfidence behaviors from heterogeneous preference relations in 
linguistic group decision making. IEEE Trans. Fuzzy Syst. 31, 2435-2449. 

§ Dong, Y.C., Ran, Q., Chao, X., Li, C.-C., Yu, S., 2023. Personalized 
individual semantics learning to support a large-scale linguistic consensus 
process. ACM Trans. Internet Technol. 23, 26. 

§ Chao, X., Dong, Y.C., Kou, G., Peng, Y., 2022. How to determine the 
consensus threshold in group decision making: a method based on 
efficiency benchmark using benefit and cost insight. Ann. Oper. Res. 316, 
143-177. 

§ Qin, J., Ma, X., Pedrycz, W., 2023b. A granular computing-driven best-
worst method for supporting group decision making. IEEE Trans. Syst. 
Man Cybern. Syst. 53, 5591-5603. 

§ Qin, J., Martinez, L., Pedrycz, W., Ma, X., Liang, Y., 2023c. An overview 
of granular computing in decision-making: Extensions, applications, and 
challenges. Inf. Fusion 98, 101833. 

§ Qin, J., Ma, X., Liang, Y., 2023a. Building a consensus for the best-worst 
method in group decision-making with an optimal allocation of information 
granularity. Inf. Sci. 619, 630-653. 

§ Cabrerizo, F.J., González-Quesada, J.C., Herrera-Viedma, E., Kaklauskas, 
A., Pedrycz, W., 2022a. Managing inconsistency with an optimal 
distribution of information granularity in fuzzy preference relations, in: 
Proc. IEEE Int. Conf. Syst. Man Cybern. (SMC), Prague, Czech Republic. 
pp. 359-364. 

§ Cabrerizo, F.J., González-Quesada, J.C., Morente-Molinera, J.A., Pérez, 
I.J., Herrera-Viedma, E., Pedrycz, W., 2022b. An improvement of 
consensus in group decision-making through an optimal distribution of 
information granularity, in: Proc. IEEE Symp. Ser. Comput. Intell. (SSCI), 
Singapur. pp. 119-124. 

§ Wu, J., Cao, M., Chiclana, F., Dong, Y.C., Herrera-Viedma, E., 2021. An 
optimal feedback model to prevent manipulation behavior in consensus 
under social network group decision making. IEEE Trans. Fuzzy Syst. 29, 
1750-1763. 

§ You, X., Hou, F., Chiclana, F., 2023. Consensus reaching process with 
noncooperative behaviors in large-scale group social network environment. 
Appl. Soft Comput. 144, 110454. 

§ Cabrerizo, F.J., Morente-Molinera, J.A., Pedrycz, W., Taghavi, A., Herrera-
Viedma, E., 2018b. Granulating linguistic information in decision making 
under consensus and consistency. Expert Syst. Appl. 99, 83-92. 

§ Callejas, E.A., Cerrada, J.A., Cerrada, C., Cabrerizo, F.J., 2019. Group 
decision making based on a framework of granular computing for multi-
criteria and linguistic contexts. IEEE Access 7, 54670-54681. 
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Reviewer 3 
 
This manuscript reports on a new granular computing-based model to improve 
consensus and consistency in multi-criteria group decision-making problems with 
experts' opinions represented using fuzzy preference relations. An automatic 
process of consensus and consistency improvement is developed, which is used to 
build an interactive process involving the participation of the experts. 
 
The paper is interesting and deals with a topic that is attractive for the journal's 
readership. The methodology, results, and applicability of the approach in real-
world problems are supported with convincing arguments and evidence. 
 
Thank you for your positive comments. 
 
1. If only, I would like the authors to address/answer whether the proposed 
methodology is also applicable to representation of preferences other than fuzzy 
preference relations, and if so, what would be the main changes in the processing 
of preferences that would need to be affected by a change of preference 
representation format. 
 
Thank you for your comment. Yes, it is applicable to other representation of 
preferences. As mentioned in the Introduction Section, there exist approaches 
based on a uniform distribution of information granularity dealing with 
intuitionistic reciprocal preference relations (for example, Cabrerizo et al. (2021) 
and Cabrerizo et al. (2018)). In fact, to adapt the proposed approach to other 
representation of preferences, we must only adapt Equation (5) to that way of 
preference representation (in addition to the methods that calculate the consensus 
and the consistency). To highlight the fact that a granular-based approach can be 
applied to other representation of preferences (in addition to fuzzy preference 
relations), we have added some related studies using linguistic preference relations 
to model the decision-makers’ preferences. In such a way, this part of the 
Introduction Section has been rewritten as follows: 
 
“Information granularity (Pedrycz, 2014), which is a very important concept within the 
granular computing paradigm (Bargiela and Pedrycz, 2003), has recently been used to 
control the difference between the initial and modified preferences. The key notion consists 
in modeling the evaluations in terms of information granules, which make the required 
flexibility degree available with the aim of increasing the agreement and the degree of 
consistency (Qin et al., 2023c). Following this reasoning, various GDM models have been 
proposed, e.g., Pedrycz and Song (2011) and Liu et al. (2018a) presented methods improving 
the consistency and the consensus, respectively, in the analytic hierarchy process; Cabrerizo 
et al. (2014) introduced a model improving consistency and consensus with fuzzy preference 
relations; Cabrerizo et al. (2021) and Cabrerizo et al. (2018a) developed models improving 
the consistency and the consensus, respectively, with intuitionistic reciprocal preference 
relations; and Cabrerizo et al. (2018b) and Callejas et al. (2019) presented models improving 
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both the consensus and the consistency with linguistic preference relations, to cite some 
examples.” 
 
In addition, the following related references have been added to the bibliography: 
 

§ Cabrerizo, F.J., Morente-Molinera, J.A., Pedrycz, W., Taghavi, A., Herrera-
Viedma, E., 2018b. Granulating linguistic information in decision making 
under consensus and consistency. Expert Syst. Appl. 99, 83-92. 

§ Callejas, E.A., Cerrada, J.A., Cerrada, C., Cabrerizo, F.J., 2019. Group 
decision making based on a framework of granular computing for multi-
criteria and linguistic contexts. IEEE Access 7, 54670-54681. 

 
2. Also, I would like to know whether the PSO approach proposed in the 
methodology is able to achieve global optimum values or just local optimum 
values. If the second case, could the authors suggest/consider alternatives to PSO 
that aim at achieving global optimum values? Since O is a linear combination of 
weighted averages (are continuous functions?), it maybe possible that if the 
feasible region is proved to be compact, the existence of a global maximum exists, 
and therefore alternatives to PSO (if it is only possible to guarantee that the 
solution obtained could be local and not global) may exists. 
 
Thank you for your remark. As PSO is a metaheuristic, we cannot guarantee that 
it reaches the global optimum value. On the contraty, we must refer to it as the best 
solution achieved by the PSO. This issue has been clarified by adding the following 
future research direction at the Concluding remarks and future research directions 
Section: 
 
“The proposed granular-based multi-criteria GDM approach makes use of the PSO. This 
algorithm has been utilized as some related approaches have shown that it serves an 
appropriate optimization framework (Cabrerizo et al., 2014; Liu et al., 2018a). 
Nevertheless, even though this algorithm maximizes the value returned by the fitness 
function, it does not guarantee an optimal result (we may refer to it as the best solution 
obtained by the PSO). Other related approaches have employed the differential evolution 
(Cabrerizo et al., 2022b; Zhang et al., 2022). However, like the PSO, it is metaheuristic 
algorithm that may also end up in a local optimum. Therefore, to solve this shortcoming, it 
is necessary to make use of an optimization algorithm guaranteeing that the global optimum 
is reached.” 
 
3. Can the authors also comment on the assumptions they chose in their 
experimental studies reported in Section 4. 
 
In the experimental studies reported in Section 4 (Experimental studies and 
comparative analysis), we have assumed that all decision-makers admit the same 
average level of information granularity, which is a synonym of the flexibility 
exhibited by the decision-maker. It means the higher its value, the higher the 
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cooperation of the decision-maker to build consensus (and to improve his/her 
consistency degree). Therefore, to enhance the analysis, it could be interesting to 
carry out experimental studies in which each decision-maker admits a different 
average level of information granularity. Based on it, a detailed analysis of the 
behaviour of decision-makers in practical applications is required. Although the 
decision-maker is allowed to refuse or partially follow the suggestion provided by 
the proposed approach, it is promising to identify the factors influencing the 
behaviour of decision-maker and manage the non-cooperative behaviour in the 
practical applications. We have incorporated it as future research direction: 
 
“The average level of information granularity admitted by the decision-maker is a synonym 
of her/his flexibility, i.e., the higher the admitted value, the higher the decision-maker’s 
cooperation to improve consensus and consistency. In the examples performed in this study, 
we have assumed that all decision-makers admit the same average level of information 
granularity. However, a complete analysis of the decision-makers’ behaviour should be 
performed to recognize the factors that influence the decision-maker’s behaviour and deal 
with non-cooperative behaviours (Wu et al., 2021; You et al., 2023).” 
 
 
In addition, the following references have been added to the bibliography: 
 

§ Wu, J., Cao, M., Chiclana, F., Dong, Y.C., Herrera-Viedma, E., 2021. An 
optimal feedback model to prevent manipulation behavior in consensus 
under social network group decision making. IEEE Trans. Fuzzy Syst. 29, 
1750-1763. 

§ You, X., Hou, F., Chiclana, F., 2023. Consensus reaching process with 
noncooperative behaviors in large-scale group social network environment. 
Appl. Soft Comput. 144, 110454. 
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Reviewer 4 
 
I would like to begin by thanking the authors for their contribution to EAAI. This 
manuscript presents a novel approach for addressing the challenge of achieving 
consensus and consistency in multi-criteria group decision-making, especially 
when dealing with fuzzy preference relations.  
 
Thank you for your positive comments. 
 
Below is my evaluation of the manuscript, highlighting its strengths and areas for 
potential improvement: 
 
1. It would be important to make clear what the novelty and unique addition of the 
manuscript is. 
 
Thank you for your suggestion. Following it, and the comment provided by the 
first reviewer, we have clarified the novelty and the contribution of this study by 
rewriting that part of the Introduction Section as follows: 
 
“Their common characteristic is the adoption of a uniform allocation of information granularity. 
Although they allow to increase the consistency, the consensus, or both, while they restrict the 
range where the evaluations can be changed, thanks to the information granules, some studies 
have demonstrated that the performance and flexibility of these models could be enhanced 
through a non-uniform allocation of a different information granularity to the entries of the 
preference relations (Cabrerizo et al., 2023; Zhang et al., 2022). 

 
There are however unresolved issues in the models based on a non-uniform 

allocation of information granularity that need to be addressed. The models developed by 
Cabrerizo et al. (2022a) and Cabrerizo et al. (2023) only deal with, and the model proposed 
by Cabrerizo et al. (2022b) only deals with the improvement of consensus. In addition, they 
are based on an automatic modification process that does not involve the participation of 
the group members. However, in real-world GDM, the evaluations should be modified and 
reassessed with the essential involvement of the participants. The models introduced by 
Zhang et al. (2022) and Zhang et al. (2023) improve both consensus and consistency but 
cannot deal with multi-criteria GDM problems (Boix-Cots et al., 2023), in which the 
preference of an alternative over other is measured keeping in mind diverse criteria instead 
of evaluating it as a whole (Huang et al., 2023; Liao et al., 2022). And the models presented 
by Qin et al. (2023a) and Qin et al. (2023b) are extensions of the best-worst method that 
improve both consensus and consistency in multi-criteria scenarios, but they do not involve 
the participation of the group members in the modification process. In order to enhance the 
existing models based on a non-uniform allocation of information granularity, this study 
aims to build the first granular-based approach that improves both consistency and 
consensus in multi-criteria GDM problems and that allows the participation of the group 
members in the modification process. Assuming fuzzy preference relations to model the 
group members’ evaluations, this general objective leads to the following main 
contributions of this study: 
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• We develop an automatic process of consensus and consistency improvement based 
upon a non-uniform allocation of information granularity. Assuming an average 
level of information granularity, it preserves the initial fuzzy preference relations 
while improving the consensus and the consistency to the greatest extent. 

 
• We introduce an interactive process that involves the participation of the group 

members. Based on the above automatic process of consensus and consistency 
improvement, it provides a complete application framework for real-world multi-
criteria GDM problem-solving.” 

 
In addition, the following references have been added to the bibliography: 
 

§ Cabrerizo, F.J., González-Quesada, J.C., Herrera-Viedma, E., Kaklauskas, 
A., Pedrycz, W., 2022a. Managing inconsistency with an optimal 
distribution of information granularity in fuzzy preference relations, in: 
Proc. IEEE Int. Conf. Syst. Man Cybern. (SMC), Prague, Czech Republic. 
pp. 359-364. 

§ Cabrerizo, F.J., González-Quesada, J.C., Morente-Molinera, J.A., Pérez, 
I.J., Herrera-Viedma, E., Pedrycz, W., 2022b. An improvement of 
consensus in group decision-making through an optimal distribution of 
information granularity, in: Proc. IEEE Symp. Ser. Comput. Intell. (SSCI), 
Singapur. pp. 119-124. 

§ Qin, J., Ma, X., Liang, Y., 2023a. Building a consensus for the best-worst 
method in group decision-making with an optimal allocation of information 
granularity. Inf. Sci. 619, 630-653. 

§ Qin, J., Ma, X., Pedrycz, W., 2023b. A granular computing-driven best-
worst method for supporting group decision making. IEEE Trans. Syst. 
Man Cybern. Syst. 53, 5591-5603. 

 
2. The literature review is has little depth to it. It would be good to strengthen it 
with more meaningful discussions of previous work and update the list of 
references. 
 
We have addressed this comment by improving the discussion about related works 
in the Introduction Section as follows: 
 
“Information granularity (Pedrycz, 2014), which is a very important concept within the 
granular computing paradigm (Bargiela and Pedrycz, 2003), has recently been used to 
control the difference between the initial and modified preferences. The key notion consists 
in modeling the evaluations in terms of information granules, which make the required 
flexibility degree available with the aim of increasing the agreement and the degree of 
consistency (Qin et al., 2023c). Following this reasoning, various GDM models have been 
proposed, e.g., Pedrycz and Song (2011) and Liu et al. (2018a) presented methods improving 
the consistency and the consensus, respectively, in the analytic hierarchy process; Cabrerizo 
et al. (2014) introduced a model improving consistency and consensus with fuzzy preference 
relations; Cabrerizo et al. (2021) and Cabrerizo et al. (2018a) developed models improving 
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the consistency and the consensus, respectively, with intuitionistic reciprocal preference 
relations; and Cabrerizo et al. (2018b) and Callejas et al. (2019) presented models improving 
both the consensus and the consistency with linguistic preference relations, to cite some 
examples. Their common characteristic is the adoption of a uniform allocation of 
information granularity. Although they allow to increase the consistency, the consensus, or 
both, while they restrict the range where the evaluations can be changed, thanks to the 
information granules, some studies have demonstrated that the performance and flexibility 
of these models could be enhanced through a non-uniform allocation of a different 
information granularity to the entries of the preference relations (Cabrerizo et al., 2023; 
Zhang et al., 2022). 
 

There are however unresolved issues in the models based on a non-uniform 
allocation of information granularity that need to be addressed. The models developed by 
Cabrerizo et al. (2022a) and Cabrerizo et al. (2023) only deal with, and the model proposed 
by Cabrerizo et al. (2022b) only deals with the improvement of consensus. In addition, they 
are based on an automatic modification process that does not involve the participation of 
the group members. However, in real-world GDM, the evaluations should be modified and 
reassessed with the essential involvement of the participants. The models introduced by 
Zhang et al. (2022) and Zhang et al. (2023) improve both consensus and consistency but 
cannot deal with multi-criteria GDM problems (Boix-Cots et al., 2023), in which the 
preference of an alternative over other is measured keeping in mind diverse criteria instead 
of evaluating it as a whole (Huang et al., 2023; Liao et al., 2022). And the models presented 
by Qin et al. (2023a) and Qin et al. (2023b) are extensions of the best-worst method that 
improve both consensus and consistency in multi-criteria scenarios, but they do not involve 
the participation of the group members in the modification process. In order to enhance the 
existing models based on a non-uniform allocation of information granularity, this study 
aims to build the first granular-based approach that improves both consistency and 
consensus in multi-criteria GDM problems and that allows the participation of the group 
members in the modification process.” 
 
In addition, the following related previous works have been added to the 
bibliography: 
 

§ Cabrerizo, F.J., Morente-Molinera, J.A., Pedrycz, W., Taghavi, A., Herrera-
Viedma, E., 2018b. Granulating linguistic information in decision making 
under consensus and consistency. Expert Syst. Appl. 99, 83-92. 

§ Callejas, E.A., Cerrada, J.A., Cerrada, C., Cabrerizo, F.J., 2019. Group 
decision making based on a framework of granular computing for multi-
criteria and linguistic contexts. IEEE Access 7, 54670-54681. 

§ Qin, J., Ma, X., Pedrycz, W., 2023b. A granular computing-driven best-
worst method for supporting group decision making. IEEE Trans. Syst. 
Man Cybern. Syst. 53, 5591–5603. 

§ Qin, J., Martinez, L., Pedrycz, W., Ma, X., Liang, Y., 2023c. An overview 
of granular computing in decision-making: Extensions, applications, and 
challenges. Inf. Fusion 98, 101833. 

§ Qin, J., Ma, X., Liang, Y., 2023a. Building a consensus for the best-worst 
method in group decision-making with an optimal allocation of information 
granularity. Inf. Sci. 619, 630–653. 
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§ Cabrerizo, F.J., González-Quesada, J.C., Herrera-Viedma, E., Kaklauskas, 
A., Pedrycz, W., 2022a. Managing inconsistency with an optimal 
distribution of information granularity in fuzzy preference relations, in: 
Proc. IEEE Int. Conf. Syst. Man Cybern. (SMC), Prague, Czech Republic. 
pp. 359-364. 

§ Cabrerizo, F.J., González-Quesada, J.C., Morente-Molinera, J.A., Pérez, 
I.J., Herrera-Viedma, E., Pedrycz, W., 2022b. An improvement of 
consensus in group decision-making through an optimal distribution of 
information granularity, in: Proc. IEEE Symp. Ser. Comput. Intell. (SSCI), 
Singapur. pp. 119-124. 

 
3. It is not clear why the authors did not follow an alternative methodology. No 
comparative discussion is presented. Please elaborate further on this aspect. In 
addition, please provide (better) support for the fact that different stakeholders 
would have different perspectives on the decision problem, potentiating the 
appearance of additional conflicting decision criteria. 
 
Thank you for your remark. As mentioned in the manuscript, the objective is to 
enhance the existing approaches based on a non-uniform distribution of 
information granularity. However, a comparison of the results of a group decision-
making model with other approaches is not a straightforward task. There are two 
main reasons. First, the structure and the domain used to model the decision-
makers’ evaluations (frequently, the models allow the decision-makers to express 
their evaluations in a different way). Second, the characteristics considered by the 
models, which are often different. Consequently, a quantitative comparison would 
be not either fair or meaningful. Anyway, according to your comment and the 
suggestion provided by first reviewer, we have added the following paragraph at 
the end of Section 4.5 (Comparative analysis) to clarify this fact and to compare 
the proposed approach with the existing approaches based on a non-uniform 
distribution of information granularity: 
 
“To put the obtained results by the proposed granular-based approach in a certain context, 
we have compared them with the results obtained by a granular-based approach based on 
a uniform distribution of information granularity. It has been possible because both 
approaches use fuzzy preference relations to represent the decision-makers’ evaluations and 
try to improve both the consistency and the consensus in multi-criteria GDM scenarios. 
However, a comparison of the results of a GDM approach with other approaches usually is 
not a straightforward task because the approaches use different structures and domains of 
evaluation representation, or they deal with different aspects of the GDM process. As a 
result, a quantitative comparison would not be meaningful. Anyway, we next elaborate on 
the advantages of the proposed granular-based approach in comparison with the existing 
granular-based approaches based on a non-uniform distribution of information 
granularity. The approaches presented by Cabrerizo et al. (2022a), Cabrerizo et al. (2022b), 
and Cabrerizo et al. (2023), neither improve both the consistency and the consensus nor 
allow the participation of the decision-makers in the modification process. The approaches 
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developed by Zhang et al. (2022) and Zhang et al. (2023), even though they improve both 
the consistency and the consensus and allow the participation of the decision-makers in the 
modification process, cannot handle multi-criteria GDM settings. The approaches 
introduced by Qin et al. (2023b) and Qin et al. (2023a), even though they improve both the 
consensus and the consistency in multi-criteria settings, do not allow the participation of the 
decision-makers in the modification process. Different from these approaches, the proposed 
granular-based approach improves both the consistency and the consensus in multi-criteria 
GDM scenarios and allow the participation of the decision-makers in the modification 
process.” 
 
On the other hand, we have also clarified that different stakeholders can have 
different perspectives on the decision problem, potentiating the appearance of 
additional conflicting decision criteria. Concretely, we have rewritten the 
beginning of Section 2.1 as follows: 
 
“It refers to the process in which multiple decision-makers evaluate a set of alternatives 
under different criteria (attributes). Its purpose is to select the best one from the set by 
considering that different decision-makers can have diverse viewpoints on the decision 
problem, which potentiates the appearance of additional conflicting decision criteria (Amiri 
et al., 2021; Boix-Cots et al., 2023; Jin et al., 2022, 2023; Liu et al., in press).” 
 
Furthermore, to support it, the following references about multi-criteria GDM have 
been added to the bibliography: 
 

§ Jin, F., Cai, Y., Zhou, L., Ding, T., 2023. Regret-rejoice two-stage 
multiplicative DEA models-driven cross-efficiency evaluation with 
probabilistic linguistic information. Omega 117, 102839. 

§ Jin, F., Cai, Y., Pedrycz, W., Liu, J., 2022. Efficiency evaluation with 
regret-rejoice cross-efficiency DEA models under distributed linguistic 
environment. Comput. Ind. Eng. 169, 108281. 

§ Liu, J., Shao, L., Jin, F., Tao, Z., in press. A multi-attribute group decision-
making method based on trust relationship and DEA regret cross-efficiency. 
IEEE Trans. Eng. Manag. 

 
4. Please elaborate further on the extrapolations of the results presented to other 
contexts. 
 
The results reported by the experimental studies confirm that a non-uniform 
distribution of information granularity can achieve better values of consensus and 
consistency in multi-criteria group decision-making problems than the approaches 
based on a uniform distribution of information granularity. This can be 
extrapolated to other granular models applied to other contexts (for example, time 
series, neural networks, and data compression), which can take advantage of a non-
uniform distribution of information granularity. This have been described in the 
Concluding remarks and future research directions Section as follows: 
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“The numerical experiments and the case study conducted have illustrated the performance and 
effectiveness of the proposed granular-based approach to solve multi-criteria GDM problems. In 
comparison with the approaches based upon a uniform distribution of information granularity, the 
proposed granular-based approach achieves greater values for the consensus and consistency. It 
is due to a non-uniform allocation allows for a more efficient use of the resources by allocating 
higher levels of granularity to the entries of the fuzzy preference relations that require it the most. 
It leads to better decision-making outcomes as higher consistency and consensus degrees are 
achieved. These results can be extrapolated to other contexts in which the granular models 
can take advantage of a non-uniform distribution of information granularity to offer better 
results, e.g., in time series, neural networks, or data compression (Liu et al., 2018b; Pedrycz, 
2023; Song et al., 2019).” 
 
Furthermore, to support it, the following references have been added to the 
bibliography: 
 

§ Liu, S., Pedrycz, W., Gacek, A., Dai, Y., 2018b. Development of 
information granules of higher type and their applications to granular 
models of time series. Eng. Appl. Artif. Intell. 71, 60-72. 

§ Pedrycz, W., 2023. Granular data compression and representation. IEEE 
Trans. Fuzzy Syst. 31, 1497-1505. 

§ Song, M., Jing, Y., Pedrycz, W., 2019. Granular neural networks: A study 
of optimizing allocation of information granularity in input space. Soft 
Computing 77, 67-75. 
 

5. The conclusion should be expanded. What would be a welcome addition is to 
have a deeper discussion about the practical and managerial implications of the 
study. In addition, please try to compare the results obtained with previous studies, 
highlighting the theoretical and managerial implications of your contribution to 
the fields of Artificial Intelligence and Building Refurbishment. 
 
Thank you for your suggestions. As we have already commented, a quantitative 
comparison, in terms of results obtained, of a group decision-making model with 
others would be not either fair or meaningful as they allow the decision-makers to 
express their evaluations in a different way and consider different aspects of the 
decision-making process. Anyway, we have compared our proposal with those 
multi-criteria GDM models that assume fuzzy preference relations and are based 
on a uniform distribution of information granularity. In addition, we have 
described the advantages of our proposal in comparison with the existing ones 
based on a non-uniform distribution of information granularity. This has been 
clarified both in the Introduction Section, in the Section 4.5 (Comparative analysis) 
and in the Concluding remarks and future research directions Section. 
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I have made a few comments, but with the intent that they should help the authors 
improve the manuscript, and make it not only apt for publication, but more closely 
aligned to its potential and importance in terms of topic. I wish the authors the 
best of luck in this endeavour. 
 
Thank you for your comments. We have tried to improve the manuscript according 
to them. We hope we have achieved it. 
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Banaitisb, Artūras Kaklauskasb, Francisco Javier Cabrerizoa,∗

aDepartment of Computer Science and Artificial Intelligence, Andalusian Research
Institute in Data Science and Computational Intelligence, DaSCI, University of

Granada, Calle Periodista Daniel Saucedo Aranda s/n, Granada, 18071, Granada, Spain
bDepartment of Construction Management and Real Estate, Vilnius Gediminas Technical

University, Sauletekio al. 11, Vilnius, LT-10223, Vilnius, Lithuania

Abstract

If a decision depends on the views of a group of people, it is crucial that
these views are consistent, in particular if they are represented in terms of
fuzzy preference relations. Moreover, before making the decision, the agree-
ment achieved must be as high as possible. In most cases, to achieve it, the
initial viewpoint of each group member must be modified during the decision-
making process, which causes an information loss. To handle this issue, some
conditions have been added to the modification process. Concretely, some
approaches have turned to an allocation of information granularity to control
it. However, these approaches either allocate the information granularity in a
uniform way or not consider the issues of consistency and consensus in a sce-
nario of multi-criteria group decision-making. To enhance these approaches,
we elaborate a novel granular-based approach composed of two processes.
Firstly, an automatic process based upon a non-uniform allocation of infor-
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mation granularity is developed to maximize both the consensus and the
consistency in multi-criteria group decision-making where fuzzy preference
relations are used to model the group members’ views. Based upon it, sec-
ondly, an interactive process requiring the implication of the group members
is introduced, which also intends to maximize both the consensus and the
consistency. Some experimental studies are completed to show the essence of
this new approach and to demonstrate its performance and flexibility. A case
study on building refurbishment is also conducted to validate its effectiveness
and feasibility in practical real-world problem-solving.

Keywords: consensus, consistency, fuzzy preference relations, information
granularity, multi-criteria group decision-making

1. Introduction

Every day people make decisions that have notable consequences both for
business and life. As a result, in today’s world, to make good decisions is an
important need. Decision-making consists in a sequence of actions conducted
by a person or a group of people to decide between two or more alternatives
the best one that meets the problem requirements (Jain and Lim, 2010). In
one of these actions, each person must evaluate the quality of every alterna-
tive to solve the problem. To model these evaluations, different structures
have been proposed (Millet, 1997), e.g., an ordered vector of alternatives can
be used, the fulfilment degree of the alternative as a solution to the problem
can be determined via a utility value, or a pairwise comparison represent-
ing the preference degree of an alternative over other one can also be used.
The latter, when applying repeatedly, produces a preference relation. This
structure is the most-used in decision-making because it allows more accurate
evaluations, and it makes easy the aggregation of individual evaluations intro
group ones, which is particularly important in group decision-making (GDM)
(Cai et al., 2023; Mousavi et al., 2020). Despite these good properties, due
to this structure produces more information than the one that is required,
inconsistent evaluations can be given on account of the current knowledge,
which could be insufficient, and the challenging essence of the GDM process
itself (Liu et al., 2023). Consistency was perceived as a rationality measure
allowing performance degrees. It means the quality of a preference relation
may be determined by a consistency degree. Therefore, to ensure the validity
of the outcomes, it is essential to give consistent preference relations.
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Although the participation of several individuals presents some advan-
tages (each one brings different knowledge to the group, as well as unique
viewpoints and ideas on the problem), it requires additional effort to reach
a consensual decision (Truman, 2017). When a decision is made based upon
the opinion of several people, consensus can be seen as a process of achieving
agreement dynamically and creatively between them (Gelderloos, 2006). A
group of people participating in a consensus process tries to make decisions
that everyone is at least somewhat in agreement with or can accept instead
of just voting for an option and letting the majority decide (Butler and Roth-
stein, 2006). This ensures that all views are taken into account. However,
consensus is often difficult to reach (Gong et al., 2021).

In GDM, we must cope with both consistency and consensus. In view of
the fact that it is unusual to get an agreement and preference relations with
high consistency degrees at the beginning of the GDM process, diverse models
intending to improve consistency, consensus, or both, have been constructed,
particularly in fuzzy scenarios, i.e., environments in which the fuzzy sets and
their extensions are employed to characterize the evaluations given by the
individuals (Bustince et al., 2016; Amiri et al., 2023). These methods strive
for improving the consistency degrees and the agreement, but most ones
reach this target so that they produce high deviations between the initial
evaluations expressed by the individuals and the altered ones, which leads to
a remarkable loss of information. How can we solve this issue of information
loss associated with modifying the initial evaluations? To solve it, diverse
restrictions have been integrated into the alteration process.

Information granularity (Pedrycz, 2014), which is a very important con-
cept within the granular computing paradigm (Bargiela and Pedrycz, 2003),
has recently been used to control the difference between the initial and modi-
fied preferences. The key notion consists in modeling the evaluations in terms
of information granules, which make the required flexibility degree available
with the aim of increasing the agreement and the degree of consistency (Qin
et al., 2023c). Following this reasoning, various GDM models have been pro-
posed, e.g., Pedrycz and Song (2011) and Liu et al. (2018a) presented meth-
ods improving the consistency and the consensus, respectively, in the analytic
hierarchy process; Cabrerizo et al. (2014) introduced a model improving con-
sistency and consensus with fuzzy preference relations; Cabrerizo et al. (2021)
and Cabrerizo et al. (2018a) developed models improving the consistency and
the consensus, respectively, with intuitionistic reciprocal preference relations;
and Cabrerizo et al. (2018b) and Callejas et al. (2019) presented models im-
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proving both the consensus and the consistency with linguistic preference
relations, to cite some examples. Their common characteristic is the adop-
tion of a uniform allocation of information granularity. Although they allow
to increase the consistency, the consensus, or both, while they restrict the
range where the evaluations can be changed, thanks to the information gran-
ules, some studies have demonstrated that the performance and flexibility
of these models could be enhanced through a non-uniform allocation of a
different information granularity to the entries of the preference relations
(Cabrerizo et al., 2023; Zhang et al., 2022).

There are however unresolved issues in the models based on a non-uniform
allocation of information granularity that need to be addressed. The models
developed by Cabrerizo et al. (2022a) and Cabrerizo et al. (2023) only deal
with the improvement of consistency, and the model proposed by Cabrerizo
et al. (2022b) only deals with the improvement of consensus. In addition,
they are based on an automatic modification process that does not involve
the participation of the group members. However, in real-world GDM, the
evaluations should be modified and reassessed with the essential involvement
of the participants. The models introduced by Zhang et al. (2022) and Zhang
et al. (2023) improve both consensus and consistency but cannot deal with
multi-criteria GDM problems (Boix-Cots et al., 2023), in which the prefer-
ence of an alternative over other is measured keeping in mind diverse criteria
instead of evaluating it as a whole (Huang et al., 2023; Liao et al., 2022).
And the models presented by Qin et al. (2023a) and Qin et al. (2023b) are
extensions of the best-worst method that improve both consensus and con-
sistency in multi-criteria scenarios, but they do not involve the participation
of the group members in the modification process. In order to enhance the
existing models based on a non-uniform allocation of information granularity,
this study aims to build the first granular-based approach that improves both
consistency and consensus in multi-criteria GDM problems and that allows
the participation of the group members in the modification process. Assum-
ing fuzzy preference relations to model the group members’ evaluations, this
general objective leads to the following main contributions of this study:

• We develop an automatic process of consensus and consistency improve-
ment based upon a non-uniform allocation of information granularity.
Assuming an average level of information granularity, it preserves the
initial fuzzy preference relations while improving the consensus and the
consistency to the greatest extent.
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• We introduce an interactive process that involves the participation of
the group members. Based on the above automatic process of consen-
sus and consistency improvement, it provides a complete application
framework for real-world multi-criteria GDM problem-solving.

The structure of this study is as follows. Section 2 offers some back-
ground knowledge. The proposed granular-based approach is presented in
Section 3. Strong attention is given to the automatic process of consensus
and consistency improvement and the interactive process. Some experimental
studies are completed and a comparative analysis is carried out in Section 4
to illustrate the essence of the proposed approach and to demonstrate its flex-
ibility and performance. Section 5 provides a case study on reconstructing
a non-residential building into a residential building that helps understand
the effectiveness and applicability of this novel granular-based approach in
practical real-world problem-solving. Finally, Section 6 draws attention to
some concluding remarks and future research directions.

2. Preliminaries

This section introduces some prerequisites that help understand the pro-
posed approach. This includes the formulation of a multi-criteria GDM prob-
lem with fuzzy preference relations, the importance of the consistency and
the consensus in such kind of decision-making scenarios, some aggregation
operators widely used in GDM problems, and the particle swarm optimiza-
tion (PSO) algorithm.

2.1. Multi-criteria GDM

It refers to the process in which multiple decision-makers evaluate a set of
alternatives under different criteria (attributes). Its purpose is to select the
best one from the set by considering that different decision-makers can have
diverse viewpoints on the decision problem, which potentiates the appear-
ance of additional conflicting decision criteria (Amiri et al., 2021; Boix-Cots
et al., 2023; Jin et al., 2022, 2023; Liu et al., in press). Formally, let xi, eh,
and al, be the alternative, the decision-maker, and the criterion (attribute),
respectively, where i = 1, 2, . . . ,m (m ≥ 2), h = 1, 2, . . . , n (n ≥ 2), and
l = 1, 2, . . . , o (o ≥ 2). Generally, an importance weight wl ∈ [0, 1] is assigned
to al verifying that

∑o
l=1wl = 1. The objective is to assign to each alter-

native a value representing the collective preference of the decision-makers
considering all the criteria.
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Among the diverse structures and domains of evaluation representation
(Herrera-Viedma et al., 2021), in this study, we assume fuzzy preference
relations, i.e., preference relations as representation structure and values in-
between [0, 1] as representation domain. We have selected them as they are
the most popular ones in fuzzy GDM processes.

Definition 2.1. (Kacprzyk and Fedrizzi, 1986) “An individual fuzzy prefer-
ence relation of decision-maker eh, P

h, is given by its membership function
µPh : X ×X → [0, 1].”

In multi-criteria GDM, each group member eh must provide a fuzzy pref-
erence relation for each criteria al, which is symbolized as P h,l and typically
modeled by a matrix P h,l = [ph,lij ], whose component ph,lij = µPh,l(xi, xj) is

such that the higher ph,lij , the higher the preference of decision-maker eh of xi

over xj on the criterion al: from ph,lij = 1 indicating a definite preference of xi

over xj on the criterion al, through ph,lij = 0.5 indicating indifference between

xi over xj on the criterion al, to ph,lij = 0 indicating a definite preference of xj

over xi on the criterion al. Due to the components of the leading diagonal,
i.e., ph,lii , are not taken into account, they are denoted as “–” (Kacprzyk and
Fedrizzi, 1986).

Dealing with fuzzy preference relations implies to keep three strictly re-
quired and hierarchic rationality levels in mind (Chiclana et al., 2009): (i) Be-
tween xi and itself, indifference is required, (ii) xj cannot be preferred to xi

if xi is preferred to xj, and (iii) xi should be preferred to xk if xj is preferred
to xk and xi is preferred to xj. The first rationality level is the only one
guaranteed by the definition of a fuzzy preference relation. The second and
the third ones are associated with the reciprocity in the pairwise comparison
and the transitivity in the pairwise comparisons between any three alterna-
tives, respectively. The three rationality levels must be satisfied by the fuzzy
preference relations to be considered as consistent. For this reason, diverse
properties to be satisfied by them have been proposed (Herrera-Viedma et al.,
2004). Specifically, the additive transitivity property has widely been used
because it makes easy the verification of the consistency (Li et al., 2019).

On the other hand, given the fact that a consensus reaching process leads
to a high-quality decision, which has a strong engagement to application,
uncountable consensus reaching processes have been designed in fuzzy GDM
(Cabrerizo et al., 2015; Chao et al., 2022; Herrera-Viedma et al., 2014; Meng
et al., 2023). In them, to evaluate the agreement achieved, consensus mea-
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sures must be defined. Particularly, soft consensus measures assuming values
in-between [0, 1] have been proposed (Kacprzyk and Fedrizzi, 1986; Herrera-
Viedma et al., 2014) (values close to 0 determine low agreement and values
close to 1 denote high agreement). To compute them, the similarity between
the fuzzy preference relations given by the group members has commonly
been measured by using three different approaches (Cabrerizo et al., 2010,
2017): (i) Coincidence among solutions, (ii) soft coincidence among prefer-
ences, and (iii) strict coincidence among preferences. The second one has
been the most used in GDM under fuzzy preference relations because it al-
lows to consider diverse partial coincidence levels that can be assessed in
[0, 1]. It means a gradual conception of the coincidence concept is assumed.

2.2. Aggregation

Information aggregation is a fundamental concern of interest for all kinds
of knowledge-based systems, particularly, for multi-criteria GDM (Yager,
1988). Because it is composed of a stage in which the evaluations given
by the group members must be combined, numerical aggregation operators
must be utilized. They are mathematical objects that reduce several numer-
ical values to an only one representing them. In the following, two families
of aggregation operators, which will be employed by the proposed granular-
based approach, are recalled.

2.2.1. Ordered weighted averaging operators

To aggregate a collection of evaluations related to the satisfaction of a
number of criteria, Yager (1988) provided this family of aggregation operators
unifying the conjunctive and disjunctive behaviour in only one operator.

Definition 2.2. (Yager, 1988) “A mapping ϕ from Rn → R is an ordered
weighted averaging (OWA) operator of dimension n if, related to ϕ, there ex-
ists a weighting vector w = (w1, w2, . . . , wn) such that wi ∈ [0, 1],

∑n
i=1 wi = 1,

and where:

ϕ(a1, a2, . . . , an) =
n∑

j=1

wjbj (1)

being bj the jth largest component in the collection a1, a2, . . . , an.”

The maximum, the arithmetic mean, the minimum, and the median, are
some well-known operators that can be characterized by this family of aggre-
gation operators by means of appropriate weights (Yager, 1993). Actually,
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a matter of interest associated with the OWA operators is how to create a
suitable method for calculating the weights. A way to do this is to draw
upon the linguistic quantifiers (e.g. “most”, “almost all”, “few”, or “nearly
half”) and its application to GDM (Kacprzyk et al., 1992). Based upon these
linguistic quantifiers, Yager introduced the following expression to calculate
the components, wi, i = 1, 2, . . . , n, of the weighting vector w:

wi = Q

(
i

n

)
−Q

(
i− 1

n

)
(2)

where Q is the linguistic quantifier modeled (Yager, 1988). In such a case,
ϕQ is used to represent that w is computed through a linguistic quantifier.

2.2.2. Induced ordered weighted averaging operators

It is a more general family of aggregation operators whose arguments are
characterized in terms of pairs, called OWA pairs. The underlying idea is
that the first components of the pairs are employed to generate an ordering
of the second ones, which are then aggregated.

Definition 2.3. (Yager and Filev, 1999) “A mapping Φ from Rn×Rn → R
is an induced ordered weighted averaging (IOWA) operator of dimension n if,
related to Φ, there exists a weighting vector w = (w1, w2, . . . , wn), such that
wi ∈ [0, 1],

∑n
i=1wi = 1, and where:

Φ(⟨u1, a1⟩, ⟨u1, a2⟩, . . . , ⟨un, an⟩) =
n∑

j=1

wjbj (3)

where bj is the ai component of the OWA pair ⟨ui, ai⟩ that has the jth largest
ui value. Due to the role of the components of the OWA pairs, ai is known
as the argument variable and ui is known as the order inducing variable.”

Through Eq. (2), the components of the weighting vector of the IOWA
operator can also be obtained. Again, it is symbolized by ΦQ.

2.3. PSO algorithm

The goal of this algorithm, created by Kennedy and Eberhart (1995), is to
emulate social behavior of bird flocks. It is a stochastic optimization method
that, in a series of iterations, tries to solve an optimization problem. In each
iteration, it tries to find the most promising candidate solutions according
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Algorithm 1 PSO

1: for each particle i = 1, . . . , n do
2: Initializing its initial position xi(0) within the lower and upper limits,

linf and lsup, of the search space with a uniformly distributed random
vector: xi(0) ∼ U(linf, lsup)

3: Initializing its best position xbi with its initial position: xbi ← xi(0)
4: if (f(xbi) > f(xg)) then
5: Updating the global best position xg with the particle’s best posi-

tion: xg← xbi

6: end if
7: Initializing its velocity: vi(0) ∼ U(−|lsup − linf|, |lsup − linf|)
8: end for
9: for each iteration t = 1, . . . ,m do
10: for each particle i = 1, . . . , n do
11: for each dimension h = 1, . . . , d do
12: Generating two random numbers: rh, sh ∼ U(0, 1)
13: Updating its velocity: vi,h(t)← ω(t)vi,h(t−1)+c1rh(xbi,h−xi,h(t−

1)) + c2sh(xgh − xi,h(t− 1))
14: end for
15: Updating its position: xi(t)← xi(t− 1) + vi(t)
16: if (f(xi(t)) > f(xbi)) then
17: Updating its best position: xbi ← xi(t)
18: if (f(xbi) > f(xg)) then
19: Updating the global best position: xg← xbi

20: end if
21: end if
22: end for
23: end for
24: return xg

to a certain quality measure (fitness function f). To do this, it starts by
considering a swarm (population) of particles (candidate solutions in a d-
dimensional search space). To optimize the problem, the particles are moved
to different directions of the search space according to a series of not complex
mathematical formulas. In each iteration, the displacement of each particle
to a new position is guided by a certain velocity, which depends on its best
location so far in the search space and the best location reached by any of the

9



other particles. The goal is to guide the particles towards the best location
(solution).

Although there are various variants of this algorithm (Flori et al., 2022;
Wang et al., 2018), which could be applied in the granular-based approach
that we propose in this study, we will use the generic version provided by
Kennedy and Eberhart (1995), whose steps are described in Algorithm 1.
In terms of the coefficients, c1 and c2 are two acceleration coefficients that
influence the step size taken by the particle towards its best position and the
global best position, respectively, and ω stands for the inertia weight. The
assignment of low values to ω implies exploitation (local search). Due to this,
the value assigned to ω is usually decremented as the number of iterations
increases. This ensures global search at the beginning of the algorithm and
local search at the end. Following this reasoning, its value is usually altered
according to:

ω(t) = (ω(1)− ω(m))
m− t

m
+ ω(m) (4)

where ω(1), ω(t), and ω(m) are the initial, the current iteration, and the final
values assigned to ω; m and t represent the maximum number of iterations
and the present iteration.

3. The granular-based multi-criteria GDM approach

This section describes a novel granular proposal for modeling multi-criteria
GDM problems in which the participants’ evaluations are modeled by fuzzy
preference relations. Considering the paradigm of granular computing, the
proposed approach, on the one hand, includes a process for improving con-
sensus and consistency through a non-uniform allocation of information gran-
ularity. On the other hand, using this process, it also includes an interactive
process for improving consensus and consistency that involves the participa-
tion of the group members. Once both the consensus and the consistency
have been improved, the proposed approach activates the selection process,
which assigns a value in-between [0, 1] to each alternative to rank them. Next,
we describe the approach in detail, along with the optimization framework
that allows us to solve the underlying optimization problem.

3.1. Consistency and consensus improvement
From a practical viewpoint, it is very common that the group members’

opinions diverge widely at the beginning of the process. It is also usual, par-
ticularly if the opinions are modeled by fuzzy preference relations, that each
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individual opinion is inconsistent to some extent. This is why the partici-
pants must accept the modification of their first preferences if they want to
cooperate with the group and to increase their consistency degrees. To im-
prove consensus and consistency in GDM with fuzzy preference relations, two
classes of approaches have been considered (Li et al., 2019; Herrera-Viedma
et al., 2014), viz., (i) automatic approaches, and (ii) interactive approaches.
According to it, we firstly develop a process of consensus and consistency
improvement belonging to the first class, i.e., both the consensus and the
consistency are improved through an optimization model that does not re-
quire the involvement of the group members. However, since in real-world
GDM the participation of the group members during the modification of
the fuzzy preference relations is vital, based upon this automatic process,
we further introduce an interactive process for consensus and consistency
improvement in multi-criteria GDM that implicates the group members.

3.1.1. Automatic process

To reach an enough agreement, each group member must obviously ac-
cept a specific flexibility degree and agree freely to “soften” his/her position.
This is a good example where the paradigm of granular computing (con-
cretely, the information granularity concept) becomes a pivotal element to
support it (Pedrycz and Song, 2011). In short, by allowing a granular realiza-
tion of the group members’ evaluations, rather than precise numerical ones,
collaboration between them is facilitated and consensus can be reached. The
same reasoning can be followed when it comes to improving consistency. Un-
fortunately, by changing the initial evaluations expressed by the participants,
a loss of information could be produced. Fortunately, the granularity of in-
formation can also be used to control to some extent the difference between
the initial and modified opinions (Pedrycz and Song, 2011).

Among the different granular realizations, we assume intervals, i.e., the
pairwise comparison performed on each component of the fuzzy preference
relation is represented by an interval instead of an exact value in-between
[0, 1]. This gives rise to a granular (interval-valued) preference relation that
supports a moderate information loss during the consensus and consistency
improvement process. This is reached by introducing a different information
granularity level χh,l

ij to each entry ph,lij of the fuzzy preference relation P h,l,

which helps impose a constraint on the values that ph,lij can take.

Definition 3.1. Let P h,l = [ph,lij ] be the fuzzy preference relation of the

11

Fco Javier Cabrerizo Lorite

Fco Javier Cabrerizo Lorite



decision-maker eh on the criterion al. Let Gh,l(·) be the family of granu-
lar (interval-valued) preference relations. Then, Gh,l(P h,l) = [gh,lij ] is the

granular (interval-valued) preference relation linked to P h,l, and gh,lij = [ph,lij −
0.5χh,l

ij , p
h,l
ij + 0.5χh,l

ij ].

Given xi, xj, eh, and al, the focus is on ph,lij ∈ [0, 1], whose value must be
adjusted within the interval:

gh,lij = [max(0, ph,lij − 0.5χh,l
ij ),min(1, ph,lij + 0.5χh,l

ij )] (5)

The decision-maker’s flexibility required during the multi-criteria GDM
process is simulated by the information granularity level. Nevertheless, be-
cause it could produce a loss of information, an average level of information
granularity χh is fixed for each decision-maker eh. It helps guarantee that
a defined level of information accuracy is satisfied for each decision-maker.
This is reached in the following way:

χh =
1

o(m2 −m)

o∑
l=1

m∑
i=1

m∑
j=1;j ̸=i

χh,l
ij (6)

The value of χh, determined by each decision-maker eh, has the following
interpretation: Values close to 1 indicate higher compromise and adaptability
of the decision-maker eh to cooperate in the improvement of consensus and
consistency.

Then, the global average level of information granularity χ inserted into
the multi-criteria GDM problem is:

χ =
1

n

n∑
h=1

χh (7)

Let P
h,l ∈ Gh,l(P h,l) be a particular interval-valued preference relation of

the family Gh,l(·): {
ph,lij ∈ gh,lij , if i ̸= j

ph,lij = “–”, otherwise
(8)

To calculate the values associated with the entries of P
h,l
, we must keep in

mind that the aim is to produce altered fuzzy preference relations achieving
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the greatest value of a composite optimization criterionO, which incorporates
the effect of both consensus and consistency, i.e.:

O = ρO1 + (1− ρ)O2 (9)

where O1 stands for the consistency achieved, O2 stands for the consensus
reached, and ρ stands for a parameter determining a trade-off between them.

To calculate O1, the mean of the decision-makers’ consistency degrees is
employed, i.e.:

O1 =
1

n

n∑
h=1

cdh (10)

where cdh stands for the consistency degree associated with the fuzzy pref-
erence relations of the decision-maker eh, which is computed as follows:

cdh =
o∑

l=1

wlcd
hl (11)

where cdhl stands for the consistency degree of the fuzzy preference relation
P h,l. The procedure presented by Herrera-Viedma et al. (2007) is used to
calculate this consistency degree, but other approaches could also be used
(Li et al., 2019).

To compute O2, a method based upon the concept of fuzzy coincidence is
assumed (Herrera-Viedma et al., 2014). Let P h,l (h = 1, . . . , n; l = 1, . . . , o)
be a set of fuzzy preference relations, the consensus achieved according to
them is measured as follows:

O2 =
o∑

l=1

wlcl (12)

where cl stands for the consensus achieved on the criterion cl, which is com-
puted as follows:

cl = 1−
2

n−1∑
h=1

n∑
q=h+1

m∑
i=1

m∑
j=1; j ̸=i

|ph,lij − pq,lij |

m2 −m

n2 − n
(13)
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Decision 1: Distribution
of information granularity

Decision 2: Optimization of the
modified fuzzy preference relations

Original fuzzy
preference relations

Granular
preference relations

Modified fuzzy
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Ph,l

χh,l
ij P

h,l

ij

Gh,l(Ph,l) P
h,l ∈ Gh,l(Ph,l)

O

1

Figure 1: Decision framework of the automatic process.

Based on Eqs. (6), (8) and (9), the next optimization model is con-
structed. Its aim is to maximize O according to a non-uniform distribution
of information granularity:

max
ph,lij ,χh,l

ij

O

s.t.

{
P

h,l ∈ Gh,l(P h,l)

χh = 1
o(m2−m)

∑o
l=1

∑m
i=1

∑m
j=1;j ̸=i χ

h,l
ij

(14)

where the decision variables are ph,lij and χh,l
ij . Owing to ph,lij is determined

by χh,l
ij , this optimization model can be seen as a process of decision-making

consisting in two stages executed in order (see Fig. 1).

Because P
h,l ∈ Gh,l(P h,l), the interval calculated by Eq. (5) is the one in

which the value of ph,lij is located. In consideration of that, we have:{
0 ≤ 2|ph,lij − ph,lij | ≤ χh,l

ij

ph,lij ∈ [0, 1]
(15)

Then, model (14) can be converted into the following one:

max
ph,lij

O

s.t.


∑o

l=1

∑m
i=1

∑m
j=1;j ̸=i 2|ph,lij − ph,lij | ≤ o(m2 −m)χh

ph,lij ∈ [0, 1], if i ̸= j

ph,lij = “–”, otherwise

(16)
where ph,lij are the decision variables whose number is on(m2 −m) instead of
2on(m2 −m), which is the number of decision variables of model (14).
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Thanks to χh, the average of the absolute distance between ph,lij and ph,lij

in l1-norm is bounded in model (16). It means a controlled information

dissimilarity between P
h,l

and P h,l is ensured for each decision-maker eh on
each criterion al.

This consensus and consistency improvement process is resolved by per-
forming two steps: (i) according to model (16), we calculate the value that
corresponds to ph,lij , and (ii) we then calculate the value that corresponds to

χh,l
ij . Let ∆

h,l = o · (m2 −m) · χh −∑m
i=1

∑m
j=1;j ̸=i 2|ph,lij − ph,lij | in this second

step. Based upon Eq. (15), if ∆h,l takes values greater than 0, too many
values may be given to χh,l

ij as solutions. Without loss of generality, χh,l
ij

is distributed to the consensus and consistency improvement process in the
following way:

χh,l
ij =

{
2|ph,lij − ph,lij |+ 1

#Υh,l∆
h,l, if (i, j) ∈ Υh

0, otherwise
(17)

where Υh,l = {(i, j) | ph,lij ̸= ph,lij } and #Υh is its cardinality. Remarkably,

χh,l
ij = 2|ph,lij − ph,lij | is the only one solution if ∆h,l = 0.
To resolve model (16), the PSO algorithm is applied (see Section 2.3). The

reasons of the use of this algorithm are that its implementation by means
of programming languages is very easy, it has few parameters to adjust, and
its convergence is very fast (Wang et al., 2018). In light of the number of
decision variables is on(m2 −m) in model (16), this number corresponds to
the dimension d of the particles. Let xi(t) = (xi,1(t), . . . , xi,d(t)) be the ith

particle at iteration t. Since ph,lij ∈ [0, 1], the search space is xi,h(t) ∈ [0, 1],
h = 1, 2, . . . , d. In model (16), to manage the constraints, the fitness function
f is defined as:

f(xi(t)) =

{
O, if e(xi(t)) = 1

0, otherwise
(18)

where O is the value of the consensus and consistency achieved considering
the fuzzy preference relations generated by the vector received as parame-
ter and computed using Eq. (9), and e is a function that controls that the
information granularity level injected is lower than the one allowed by the
decision-makers. If one of the modified fuzzy preference relations constructed
based upon the vector that is received as parameter has an average informa-
tion granularity level higher than the one allowed by that decision-maker,
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Figure 2: Decision framework of the interactive process.

this function returns 0 as there exists a fuzzy preference relation that is not
valid. In other case, it returns 1.

To guarantee that the value of each component of the particle, xi(t), is
in-between [0, 1], after the update of the particle’s position, the boundary
constraints must be tested. Then, if xi,h(t) > 1, then xi,h(t) = 1, and
if xi,h(t) < 0, then xi,h(t) = 0. Using the PSO, the entries of the fuzzy
preference relations are modified to maximize the value of O and, then, using
Eq. (17), the value of χh,l

ij can be computed.

3.1.2. Interactive process

This process aims to return the optimized fuzzy preference relations, P
h,l
,

to the decision-makers, who must generate new modified fuzzy preference
relations, Rh,l, based upon them. That is, the optimized fuzzy preference
relations returned by the automatic approach are viewed as a decision support
that the group members utilize as an aid for changing the fuzzy preference
relations that they provided (see Fig. 2).

To build Rh,l = [rh,lij ], these interval-valued elements are recommended:

rh,lij ∈ [min(ph,lij p
h,l
ij ),max(ph,lij , p

h,l
ij )] (19)

As a result, we have:

rh,lij = min(ph,lij , p
h,l
ij )β

h,l
ij +max(ph,lij , p

h,l
ij )(1− βh,l

ij ) (20)

where βh,l
ij ∈ [0, 1] is a value that is determined by eh.

The interactive process for consensus and consistency improvement stops
is one of the following two stop requisites is satisfied: (i) if the current it-
eration reaches the maximum number of iterations, η, or (ii) if the value
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Algorithm 2

Input: P h,l,0, χh, η, θ
Output: Rh,l

1: k = 0
2: Calculating O through Eq. (9)
3: while k < η and O < θ do
4: for each decision-maker h = 1, . . . ,m do
5: for each criterion l = 1, . . . , o do

6: Obtaining P
h,l,k

through model (16)
7: Constructing P h,l,k+1 through Eq. (20)
8: end for
9: end for

10: Calculating O through Eq. (9)
11: k = k + 1
12: end while
13: return P h,l,k

of the optimization criterion, O, achieved according to the modified fuzzy
preference relations, is equal or higher than a determinate threshold, θ, es-
tablishing a minimum required value for this criterion. Provided that O ≥ θ
and the present iteration is lower than η, the recommendation is provided
to the group members according to the optimized fuzzy preference relations
returned by the automatic process. Based on it, the group members can
modify their fuzzy preference relations. Most notably, each group member
can refuse, entirely accept, or partially accept, the feedback received. Let k
and P h,l,k be the iteration number and the fuzzy preference relation provided
by the decision-maker eh on the criterion al at the iteration k. The steps of
the interactive process are described in Algorithm 2.

3.2. Selection process

This process is applied once the consistency and consensus improvement
process has finalized. It consists in assigning a value within the interval
[0, 1] to each alternative taking into account the fuzzy preference relations
provided by the group members on each criterion. Once a value is assigned
to each alternative, a ranking of them can be determined. This is achieved
in two phases, which are detailed next.
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3.2.1. Aggregation

The objective of this phase is to combine all the fuzzy preference relations
provided by the group members in a collective fuzzy preference relation that
summarizes all them. This is done in the following way:

• Applying the OWA operator, a collective fuzzy preference relation,
CP l = [cplij], is computed for every criterion, al:

cplij = ϕQ(p
1,l
ij , p

2,l
ij , . . . , p

n,l
ij ) (21)

• Considering that each criterion presents a different importance weight,
the IOWA operator is applied to compute the collective fuzzy preference
relation, CP = [cpij]:

cpij = ΦQ(⟨w1, cp
1
ij⟩, ⟨w2, cp

2
ij⟩, . . . , ⟨wo, cp

o
ij⟩) (22)

3.2.2. Exploitation

The objective of this phase is to make use of the values contained in the
collective fuzzy preference relation to select the alternative that best solves
the multi-criteria GDM problem. To do so, a choice degree assigning a value
in-between [0, 1] to each alternative is utilized. We use the quantifier-guided
non-dominance degree (QGNDD) (Herrera-Viedma et al., 2007), which is
based upon the OWA operator and the concept of fuzzy majority. It measures
the degree in which an alternative is not dominated by a fuzzy majority of
the others as follows:

QGNDDi = ϕQ(1− ps1i, . . . , 1− ps(i−1)i, 1− ps(i+1)i, . . . , 1− psmi) (23)

where the degree in which xi is strictly dominanted by xj is defined by psji =
max{cpji − cpij, 0}.

4. Experimental studies and comparative analysis

We offer some numerical experiments to examine the performance and
effectiveness of the proposed granular-based approach in the improvement of
the consistency degrees and the consensus in multi-criteria GDM. We also
conduct several comparative experiments to demonstrate the superiority of
this granular-based approach in relation to the ones based upon a uniform
distribution of information granularity.
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4.1. Numerical example

Let us suppose a multi-criteria GDM problem consisting in four decision-
makers, {e1, e2, e3, e4}, that must rank four alternatives, {x1, x2, x3, x4}, con-
sidering three criteria, {a1, a2, a3}, whose importance weights are equal, i.e.,
w1 = w2 = w3 = 0.33. The initial fuzzy preference relations, P h,l (h =
1, 2, 3, 4; l = 1, 2, 3), expressed by the decision-makers are randomly gener-
ated. Commonly, to generate random data, the normal and the uniform
distributions are employed. However, because the data generated by means
of the normal distribution leads to a high consensus degree, in this numerical
example, the uniform distribution is utilized, and the following preference
relations are obtained:

P 1,1 =


− 0.29 0.69 0.86

0.61 − 0.09 0.14
0.02 0.72 − 0.54
0.03 0.63 0.03 −

P 1,2 =


− 0.12 0.54 0.02
0.54 − 0.11 0.01
0.06 0.86 − 0.73
0.95 0.56 0.06 −



P 1,3 =


− 0.24 0.58 0.88

0.64 − 0.78 0.04
0.11 0.12 − 0.84
0.04 0.79 0.09 −

P 2,1 =


− 0.02 0.80 0.08
0.79 − 0.12 0.11
0.07 0.84 − 0.53
0.53 0.69 0.11 −



P 2,2 =


− 0.66 0.60 0.00

0.16 − 0.03 0.59
0.07 0.74 − 0.56
0.65 0.39 0.29 −

P 2,3 =


− 0.54 0.33 0.59
0.21 − 0.00 0.82
0.59 0.71 − 0.02
0.09 0.06 0.62 −



P 3,1 =


− 0.02 0.10 0.01
0.72 − 0.77 0.11
0.83 0.17 − 0.59
0.55 0.86 0.09 −

P 3,2 =


− 0.03 0.19 0.76
0.91 − 0.16 0.73
0.80 0.69 − 0.25
0.17 0.00 0.73 −



P 3,3 =


− 0.21 0.72 0.79
0.67 − 0.18 0.18
0.17 0.55 − 0.72
0.07 0.67 0.25 −

P 4,1 =


− 0.17 0.73 0.34
0.80 − 0.67 0.37
0.20 0.26 − 0.66
0.61 0.57 0.26 −



P 4,2 =


− 0.51 0.54 0.34
0.12 − 0.21 0.77
0.22 0.77 − 0.08
0.59 0.21 0.68 −

P 4,3 =


− 0.61 0.41 0.82
0.19 − 0.58 0.10
0.52 0.00 − 0.31
0.04 0.81 0.58 −


With these fuzzy preference relations, through Eq. (11) the decision-

makers achieve the following initial consistency degrees: cd1 = 0.672, cd2 =
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0.692, cd3 = 0.717, and cd4 = 0.758. It means the global consistency degree
achieved is equal to 0.710. Regarding the consensus, using Eqs. (12) and
(13), it is equal to 0.699. To improve these values, the automatic process
presented in Section 3.1 is applied. After an intense experimentation, the
PSO is executed with the following values: The inertia weight coefficients,
ω(1) and ω(m), are set to 0.9 and 0.4, respectively; the acceleration param-
eters, c1 and c2, are set to 2; the size of swarm is set to 10on(m2 − m);
and the number of iterations is set to 1000. In addition, the average level
of information granularity is set to 0.2 for the four decision-makers, i.e.,
χ1 = χ2 = χ3 = χ4 = χ = 0.2, and for the calculation of f , the param-
eter ρ is set to 0.5 in Eq. (9), i.e., the same importance is assigned to the
consistency and the consensus.

The automatic process returns the following modified fuzzy preference
relations:

P
1,1

=


− 0.19 0.64 0.73
0.50 − 0.16 0.25
0.23 0.50 − 0.54
0.10 0.68 0.02 −

P
1,2

=


− 0.16 0.52 0.19
0.53 − 0.17 0.00
0.24 0.78 − 0.53
0.68 0.45 0.11 −



P
1,3

=


− 0.40 0.48 0.77
0.53 − 0.66 0.14
0.19 0.17 − 0.63
0.03 0.69 0.16 −

P
2,1

=


− 0.20 0.66 0.13
0.62 − 0.18 0.21
0.31 0.74 − 0.55
0.52 0.71 0.16 −



P
2,2

=


− 0.55 0.53 0.23
0.33 − 0.14 0.63
0.23 0.67 − 0.59
0.65 0.48 0.38 −

P
2,3

=


− 0.55 0.36 0.63
0.24 − 0.20 0.66
0.46 0.54 − 0.16
0.08 0.27 0.56 −



P
3,1

=


− 0.18 0.19 0.00
0.60 − 0.71 0.23
0.70 0.41 − 0.59
0.47 0.75 0.08 −

P
3,2

=


− 0.07 0.25 0.42
0.60 − 0.18 0.67
0.67 0.71 − 0.32
0.23 0.02 0.67 −



P
3,3

=


− 0.34 0.54 0.75
0.48 − 0.31 0.27
0.33 0.50 − 0.57
0.09 0.66 0.25 −

P
4,1

=


− 0.19 0.64 0.33
0.71 − 0.50 0.32
0.30 0.40 − 0.51
0.48 0.69 0.32 −


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P
4,2

=


− 0.49 0.49 0.29
0.45 − 0.17 0.61
0.24 0.69 − 0.26
0.56 0.31 0.59 −

P
4,3

=


− 0.56 0.51 0.74
0.27 − 0.48 0.22
0.41 0.29 − 0.35
0.10 0.69 0.53 −


Based upon these modified fuzzy preference relations, the matrices, Dh,l

(h = 1, 2, 3, 4; l = 1, 2, 3), are constructed, which contains the information

granularity distributed to each entry of P
h,l
:

D1,1 =


− 0.202 0.106 0.267

0.226 − 0.156 0.224
0.429 0.453 − 0.019
0.140 0.103 0.070 −

D1,2 =


− 0.070 0.033 0.346

0.037 − 0.116 0.004
0.369 0.158 − 0.396
0.539 0.220 0.107 −



D1,3 =


− 0.323 0.184 0.217

0.230 − 0.238 0.200
0.161 0.087 − 0.401
0.015 0.203 0.135 −

D2,1 =


− 0.369 0.276 0.118

0.347 − 0.134 0.204
0.493 0.216 − 0.047
0.029 0.060 0.100 −



D2,2 =


− 0.223 0.147 0.470

0.339 − 0.213 0.084
0.331 0.139 − 0.063
0.002 0.196 0.188 −

D2,3 =


− 0.017 0.068 0.065

0.052 − 0.403 0.318
0.270 0.345 − 0.272
0.012 0.434 0.136 −



D3,1 =


− 0.333 0.181 0.016

0.266 − 0.131 0.258
0.267 0.487 − 0.011
0.175 0.239 0.029 −

D3,2 =


− 0.084 0.126 0.688

0.617 − 0.055 0.120
0.244 0.030 − 0.140
0.123 0.041 0.126 −



D3,3 =


− 0.269 0.369 0.089

0.375 − 0.264 0.190
0.335 0.106 − 0.313
0.046 0.024 0.013 −

D4,1 =


− 0.060 0.187 0.019

0.189 − 0.351 0.122
0.209 0.301 − 0.295
0.270 0.257 0.134 −



D4,2 =


− 0.040 0.114 0.122

0.666 − 0.083 0.317
0.049 0.171 − 0.368
0.078 0.199 0.187 −

D4,3 =


− 0.099 0.205 0.161

0.155 − 0.195 0.228
0.218 0.595 − 0.085
0.120 0.248 0.087 −


With these modified fuzzy preference relations, the global consistency

degree achieved is now 0.803 while the consensus reached is 0.818. Even
though the average level of information granularity allowed is low (0.2), both
the consensus achieved within the whole group and the consistency degrees
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of the individual decision-makers have notably improved, which means that
the non-uniform distribution of an average level of information granularity
has a great impact on the consensus and consistency improvement. This
demonstrates the effectiveness of the automatic process for improving the
consistency and the consensus.

4.2. Sensitive analysis for values of χ

To investigate the impact of the average level of information granular-
ity on the performance of the proposed granular-based approach, we exe-
cute the automatic process with different values of χh. Particularly, we set
χ1 = χ2 = χ3 = χ4 to 0.1, 0.2, 0.3, 0.4, 0.5, and 0.6. Replicating the approach
performed in Section 4.1, we distribute the different average levels of infor-
mation granularity to the fuzzy preference relations to analyze the impact
of the granularity on the improvement of the consensus and the consistency.
Table 1 shows the evolution of the values for O (optimization criterion), O1

(consistency), and O2 (consensus), for different granule sizes.
On the one hand, we note that when an average level of information gran-

ularity is allowed, the value of the consensus and the consistency increases
significantly compared to when precise numerical values are utilized (0.699
and 0.710, respectively). On the other hand, it seems easy to understand
that the greater the average level of information granularity injected into the
proposed granular-based approach, the higher the probability of reaching
higher values of O. This can be observed in Table 1, where a clear increasing
trend in the values of the optimization criterion O is visible in line with the
increment of the values of χh. This is due to the greater the average level
of information granularity allowed, the higher the length of the intervals in
which the preference degree can be located and, therefore, the possibility of
maximizing the optimization criterion is greater.

Table 1: Values of O,O1, and O2, for different values of χ
h.

χh 0.1 0.2 0.3 0.4 0.5 0.6
O 0.748 0.811 0.855 0.907 0.951 0.973
O1 0.753 0.803 0.853 0.906 0.955 0.969
O2 0.744 0.818 0.857 0.908 0.948 0.978
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Table 2: Values of O1 and O2 for different values of ρ.

ρ 0.0 0.25 0.50 0.75 1.0
O1 0.772 0.787 0.804 0.821 0.836
O2 0.835 0.828 0.818 0.784 0.730

4.3. Sensitive analysis for values of ρ

Another interesting analysis is to examine how the parameter ρ impacts
on the composite optimization criterion O. Because this parameter defines
a compromise between consensus and consistency, we only pay attention to
the values reached by O1 and O2. Replicating again the approach performed
in Section 4.1, with ρ assuming values equal to 0.0, 0.25, 0.50, 0.75, and 1.0,
Table 2 shows the impact of ρ on the results obtained. As it is expected, we
note that low values of ρ imply high values of consensus, O2, and low values
of consistency, O1. On the contrary, high values of ρ imply low values of
consensus, O2, and high values of consistency, O1. In such a way, the best
value of the consistency and the worst value of the consensus are achieved for
ρ = 1.0, and vice versa, the best value of the consensus and the worst value
of the consistency are achieved for ρ = 0.0. It seems intuitive as when values
close to 1.0 are assigned to ρ, the PSO principally focuses on maximizing the
consistency. Meanwhile, when values close to 0.0 are assigned to ρ, the PSO
pays attention to maximize the consensus.

4.4. Interactive process

The performance and efficacy of the interactive process are exemplified
by using the numerical example presented in Section 4.1. We assume that
the behavior of the group members is characterized by randomly accepting
the modified fuzzy preference relations returned by the automatic approach,
i.e., for each entry of the fuzzy preference relations that a group member
has provided, he/she randomly accepts the value provided by the automatic
approach or keeps the value that he/she had provided.

We set η to 6, χ1, χ2, χ3, and χ4 to 0.2, and θ to 1 in the interactive
process. Let σ be the probability that the decision-makers accept the value
provided by the automatic process. Fig. 3 shows the values of the optimiza-
tion criterion, O, in successive iterations of the interactive process. With the
increasing numbers of iterations, we can note that the values of O increase,
which illustrates the efficacy of the interactive process. Furthermore, the
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Figure 3: Performance of the interactive process for different values of σ.

higher the probability of accepting the values returned by the automatic ap-
proach, the greater the increment of the values of O, i.e., fewer iterations are
required to achieve great values of O. It seems intuitive as the values returned
by the automatic process are the ones that better optimize the fuzzy prefer-
ence relations to maximize the value of the optimization criterion. Therefore,
the higher the number of modifications accepted by the decision-makers, the
greater the probability of achieving a greater value of O.

4.5. Comparative analysis

The effectiveness and superiority of the granular-based approach based
upon a non-uniform allocation of information granularity, referred to OAIG-
approach for comparison purposes, is corroborated by conducting two ex-
periments in which this approach is compared with the granularity-based
approach presented by Cabrerizo et al. (2014), which improves the consis-
tency and consensus in GDM by distributing a uniform level of information
granularity in each component of the fuzzy preference relations (viz., UAIG-
approach).

Firstly, we conduct an experiment in which 100 multi-criteria GDM prob-
lems with different number of alternatives, decision-makers, and criteria, are
randomly generated. We set χh to 0.2 and 0.4. With the objective of improv-
ing the consensus and the consistency in these multi-criteria GDM problems,
both the UAIG-approach and the OAIG-approach are executed to obtain
the modified fuzzy preference relations. Figs. 4a and 4b depict the relation
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(a) χh = 0.2.
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(b) χh = 0.4.

Figure 4: Results achieved by the proposed OAIG-approach vs UAIG-approach.

between the optimized and the original result of the optimization criterion,
i.e., O and O, respectively. On the one hand, it is clear that the values of O
reached by the UAIG- and the OAIG-approaches are greater than the val-
ues of O. It means both approaches are able to improve both the consensus
and the consistency. On the other hand, it can also be noted that the val-
ues achieved by the proposed OAIG-approach are clearly greater than the
ones achieved by the UAIG-approach. This verifies the superiority of the
OAIG-approach.

Secondly, to verify if the rankings of the alternatives produced by the
proposed OAIG-approach and the UAIG-approach are different, we have
simulated 150 multi-criteria GDM problems with different number of alter-
natives, decision-makers, and criteria. In addition, we set χh to 0.2 and 0.3.
Let R1 and R2 be the rankings of the alternatives according to the modified
fuzzy preference relations obtained by the proposed OAIG-approach and the
UAIG-approach, respectively, when applying the selection process presented
in Section 3.2 with Q(a) = a1/2 representing the linguistic quantifier “most”
utilized in Eq. (2) to produce the weights of the OWA and IOWA opera-
tors. The l1-norm distance between R1 and R2 is calculated to measure the
decision discrepancy, DD, between the proposed OAIG-approach and the
UAIG-approach:

DD =
1

m

m∑
i=0

(
∣∣r1i − r2i

∣∣) (24)
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Figure 5: Decision discrepancy between the OAIG- and UAIG- approaches.

Figs. 5a and 5b give evidence of the decision discrepancy between the pro-
posed OAIG-approach and the UAIG-approach. As it can be noticed, the
decision discrepancy values are greater than 0. It means the proposed OAIG-
approach can change the decisions achieved by the UAIG-approach. Partic-
ularly, the greater the value of χh, the lower the number of multi-criteria
GDM problems having a DD equal to 0, i.e., problems with the same deci-
sions achieved by both approaches.

To put the obtained results by the proposed granular-based approach
in a certain context, we have compared them with the results obtained by a
granular-based approach based on a uniform distribution of information gran-
ularity. It has been possible because both approaches use fuzzy preference re-
lations to represent the decision-makers’ evaluations and try to improve both
the consistency and the consensus in multi-criteria GDM scenarios. However,
a comparison of the results of a GDM approach with other approaches usually
is not a straightforward task because the approaches use different structures
and domains of evaluation representation, or they deal with different aspects
of the GDM process. As a result, a quantitative comparison would not be
meaningful. Anyway, we next elaborate on the advantages of the proposed
granular-based approach in comparison with the existing granular-based ap-
proaches based on a non-uniform distribution of information granularity. The
approaches presented by Cabrerizo et al. (2022a), Cabrerizo et al. (2022b),
and Cabrerizo et al. (2023), neither improve both the consistency and the
consensus nor allow the participation of the decision-makers in the modifica-
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tion process. The approaches developed by Zhang et al. (2022) and Zhang
et al. (2023), even though they improve both the consistency and the con-
sensus and allow the participation of the decision-makers in the modification
process, cannot handle multi-criteria GDM settings. The approaches intro-
duced by Qin et al. (2023b) and Qin et al. (2023a), even though they improve
both the consensus and the consistency in multi-criteria settings, do not allow
the participation of the decision-makers in the modification process. Differ-
ent from these approaches, the proposed granular-based approach improves
both the consistency and the consensus in multi-criteria GDM scenarios and
allow the participation of the decision-makers in the modification process.

5. A case study of building refurbishment

This section presents a case study on reconstructing a non-residential
building into a residential building (Velykorusova, 2023), which is conducted
by using the proposed approach. The building under analysis was built before
1917 and was reconstructed by LLC “Engineering and Construction” in 2019
(see Fig. 4). It is located at Nizhniy Val Street in the Podilskyi district of
Kyiv, a densely built urban central historical territory that falls within the
archaeological protection zone. The object of study is the reconstruction of
three floors of a brick building (out of eight floors) with an unambiguous
mountain roof type and metal tiles. The maximum public dimensions are
46,940 x 9,400 m. The building structure consists of load-bearing living and
transverse brick walls, monolithic on metal beams, wooden beams, and cork
floor. The partitions of the building are brick.

The project provides for the exterior decoration of the house, installation
of metal-plastic windows, ventilation (air conditioners), a water supply sys-
tem, and heating and roof tiles in accordance with the project task. However,
the project does not provide for the involvement or transfer of any structure
located on the design site or the removal of existing greenery. Therefore,
according to the case study of the project, the water supply system, heating,
ventilation, windows, and roof, had to be renovated in the building. Among
them, we focus here on the ventilation.

The ventilation of a residential building is natural and mechanical. The
building is equipped with plastic windows with the S710 profile REHAU,
which is already worn out. Therefore, ventilation is poor. For the purpose of
creating and ensuring parameters of the air environment in the building es-
tablished by the current norms, supply and exhaust ventilation are provided,
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Figure 6: Facade A–E of the building under analysis.

with mechanical motivation. The capacity of ventilation systems is deter-
mined by the normative exchange of indoor air and on a per capita basis.
The project provides for the possibility of installing outdoor air conditioning
units. The air ducts are made of galvanized sheet steel.

Next, the determination of significance, degree of usefulness, and priority
of the renovated ventilation is analyzed. The project of ventilation of the
object is developed on the basis of the following initial data:

• Architectural - construction drawings;

• Current building codes and regulations:

– DBN B.2.5-67: 2013 “Heating, ventilation, and air conditioning”;

– Estimated winter temperature for heating and ventilation design
- 22C;

– Estimated summer temperature for ventilation design +23C;

• Estimated wind speed:

– in the warm season - 2.1 m/s;

– in the cold season - 2.8 m/s.
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Estimated air circulation in general and auxiliary rooms is determined
according to the normative multiplicity of air exchange. In premises with
the allocation of harmful air, circulation is designed for their assimilation.
The consumption of outdoor air of administrative rooms is calculated in ac-
cordance with DBN B.2.5-67: 2013. Air supply in the parking lot is expected
to be concentrated in the driveway. Air removal is carried out equally from
the lower and upper zones. Ventilation equipment of the parking lot is in-
stalled in the ventilation chambers of the basement. Excess consumption of
exhaust air over supply according to item 8.39, DBN B.2.3-15-2007 is pro-
vided. In administrative rooms, it is envisaged to reduce the productivity
of ventilation systems to a single air exchange during non-working hours in
order to save energy resources. Air ducts of supply and exhaust systems are
laid hidden in ventilation shafts and behind architectural constructions. Air
ducts are designed from galvanized steel according to GOST 19904-74 and
density class according to DBN B.2.5-67-2013.

Exhaust emissions are carried out in architectural mines. The bottom
of the holes in the architectural mines is 1.0 m from the roof level of the
building. The air intake is carried out at a height of 2.0 m from ground
level, and the distance from the air intake to the air outlet is no less than
8.0 m. To reduce the noise of ventilation systems, the following measures are
provided: (i) Installation of pumps and fans on vibration-insulating bases,
(ii) connection of fans and air ducts on flexible inserts, and (iii) installation
of mufflers.

The alternative ventilation of five companies was analyzed according to
four indicators with the same importance weights. The following companies
were chosen for ventilation: Danfoss, Denmark (x1); KERMI, Germany (x2);
BT-Service, Ukraine (x3); VIKMA LTD, Ukraine (x4); and Behtc, Ukraine
(x5). And the following indicators were considered: Level of noise (a1);
durability (a2); price (a3); and max pressure (a4). Four ventilation specialists
were asked for their preferences. They provided the following ones:

P 1,1 =


− 0.72 0.29 0.51 0.51
0.05 − 0.57 0.50 0.94
0.68 0.19 − 0.50 0.51
0.82 0.29 0.28 − 0.95
0.43 0.00 0.39 0.01 −

P 1,2 =


− 0.66 0.76 0.07 0.51
0.28 − 0.08 0.42 0.70
0.15 0.83 − 0.31 0.32
0.59 0.52 0.60 − 0.51
0.47 0.05 0.65 0.47 −



29



P 1,3 =


− 0.85 0.74 0.54 0.83
0.10 − 0.54 0.72 0.74
0.06 0.01 − 0.65 0.73
0.19 0.15 0.29 − 0.76
0.15 0.12 0.19 0.02 −

P 1,4 =


− 0.72 0.60 0.69 0.83
0.09 − 0.52 0.08 0.24
0.02 0.00 − 0.58 0.88
0.08 0.59 0.11 − 0.78
0.11 0.64 0.04 0.12 −



P 2,1 =


− 0.60 0.75 0.18 0.92

0.32 − 0.50 0.68 0.35
0.04 0.34 − 0.02 0.60
0.51 0.08 0.50 − 0.08
0.04 0.52 0.25 0.74 −

P 2,2 =


− 0.17 0.30 0.17 0.76
0.71 − 0.65 0.59 0.74
0.53 0.18 − 0.66 0.80
0.58 0.40 0.01 − 0.14
0.21 0.16 0.02 0.51 −



P 2,3 =


− 0.78 0.25 0.32 0.73

0.04 − 0.60 0.12 0.10
0.54 0.36 − 0.52 0.53
0.54 0.50 0.01 − 0.14
0.09 0.61 0.36 0.64 −

P 2,4 =


− 0.59 0.15 0.78 0.78
0.34 − 0.36 0.23 0.16
0.68 0.52 − 0.50 0.29
0.03 0.54 0.40 − 0.33
0.16 0.75 0.56 0.62 −



P 3,1 =


− 0.13 0.16 0.06 0.02

0.80 − 0.73 0.02 0.79
0.81 0.15 − 0.71 0.69
0.85 0.63 0.14 − 0.51
0.84 0.16 0.25 0.10 −

P 3,2 =


− 0.02 0.10 0.01 0.77
0.72 − 0.11 0.59 0.00
0.83 0.86 − 0.01 0.77
0.55 0.09 0.88 − 0.56
0.17 0.93 0.12 0.07 −



P 3,3 =


− 0.73 0.25 0.78 0.62

0.87 − 0.67 0.82 0.59
0.73 0.30 − 0.64 0.15
0.01 0.03 0.15 − 0.60
0.36 0.19 0.51 0.10 −

P 3,4 =


− 0.53 0.28 0.09 0.91
0.16 − 0.52 0.75 0.79
0.51 0.24 − 0.12 0.05
0.76 0.20 0.72 − 0.02
0.00 0.15 0.61 0.78 −



P 4,1 =


− 0.57 0.19 0.07 0.07

0.31 − 0.52 0.21 0.12
0.70 0.05 − 0.75 0.70
0.54 0.62 0.11 − 0.86
0.57 0.74 0.04 0.02 −

P 4,2 =


− 0.28 0.51 0.17 0.73
0.62 − 0.34 0.67 0.37
0.10 0.61 − 0.66 0.35
0.80 0.26 0.26 − 0.17
0.20 0.57 0.63 0.75 −



P 4,3 =


− 0.82 0.58 0.10 0.31

0.04 − 0.32 0.84 0.19
0.64 0.55 − 0.73 0.27
0.81 0.02 0.01 − 0.06
0.58 0.59 0.53 0.92 −

P 4,4 =


− 0.55 0.78 0.53 0.50
0.41 − 0.53 0.85 0.54
0.18 0.35 − 0.17 0.00
0.03 0.04 0.64 − 0.50
0.22 0.13 0.64 0.02 −


According to these fuzzy preference relations, the consistency degrees of

the ventilation specialists are: cd1 = 0.823, cd2 = 0.822, cd3 = 0.776, and
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cd4 = 0.818. It means the global consistency degree achieved is equal to 0.809.
Meanwhile, the consensus achieved is 0.687. Because the same importance
is given to the consensus and the consistency (ρ = 0.5), the value of the
optimization criterion, O, is 0.748. Considering that a minimum value of
0.80 for O is required before applying the selection process, the ventilation
specialist must reconsider their preferences to increase it. To do so, the
proposed granular-based approach is carried out.

To cooperate with the increasing of the consensus and the consistency,
each ventilation specialist admits an average level of information granularity
equal to 0.2. Using the same values for the parameters of the PSO than in
the example performed in Section 4.1, the following modified fuzzy preference
relations are obtained:

P
1,1

=


− 0.43 0.29 0.38 0.50
0.18 − 0.54 0.34 0.81
0.67 0.22 − 0.50 0.58
0.68 0.44 0.29 − 0.79
0.51 0.24 0.24 0.05 −

P
1,2

=


− 0.49 0.82 0.21 0.61
0.42 − 0.22 0.45 0.59
0.36 0.82 − 0.36 0.41
0.54 0.45 0.57 − 0.59
0.23 0.08 0.48 0.40 −



P
1,3

=


− 0.80 0.53 0.50 0.69
0.28 − 0.51 0.74 0.68
0.17 0.13 − 0.65 0.53
0.06 0.23 0.18 − 0.62
0.23 0.15 0.32 0.00 −

P
1,4

=


− 0.73 0.56 0.60 0.82
0.30 − 0.49 0.13 0.35
0.26 0.11 − 0.54 0.55
0.20 0.58 0.26 − 0.51
0.12 0.61 0.12 0.09 −



P
2,1

=


− 0.55 0.62 0.15 0.75
0.32 − 0.46 0.65 0.56
0.08 0.21 − 0.14 0.69
0.51 0.26 0.29 − 0.17
0.21 0.40 0.21 0.70 −

P
2,2

=


− 0.25 0.22 0.24 0.54
0.72 − 0.47 0.59 0.76
0.58 0.32 − 0.56 0.67
0.64 0.29 0.18 − 0.45
0.21 0.15 0.15 0.39 −



P
2,3

=


− 0.78 0.25 0.50 0.73
0.12 − 0.46 0.31 0.16
0.43 0.48 − 0.52 0.52
0.35 0.37 0.13 − 0.27
0.30 0.49 0.43 0.54 −

P
2,4

=


− 0.48 0.44 0.59 0.80
0.22 − 0.45 0.57 0.21
0.52 0.51 − 0.51 0.23
0.07 0.49 0.43 − 0.54
0.19 0.61 0.55 0.58 −



P
3,1

=


− 0.29 0.18 0.08 0.14
0.71 − 0.56 0.11 0.75
0.82 0.26 − 0.36 0.59
0.61 0.55 0.16 − 0.53
0.77 0.26 0.27 0.04 −

P
3,2

=


− 0.10 0.16 0.00 0.60
0.62 − 0.11 0.59 0.28
0.74 0.85 − 0.27 0.74
0.59 0.02 0.63 − 0.56
0.27 0.81 0.06 0.25 −


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P
3,3

=


− 0.73 0.41 0.72 0.71
0.75 − 0.46 0.66 0.58
0.57 0.47 − 0.79 0.37
0.04 0.10 0.12 − 0.64
0.28 0.22 0.46 0.21 −

P
3,4

=


− 0.35 0.32 0.22 0.80
0.27 − 0.57 0.56 0.64
0.44 0.25 − 0.17 0.19
0.75 0.20 0.66 − 0.17
0.16 0.28 0.56 0.63 −



P
4,1

=


− 0.50 0.19 0.13 0.21
0.30 − 0.31 0.20 0.28
0.76 0.26 − 0.41 0.67
0.55 0.53 0.29 − 0.82
0.62 0.48 0.03 0.00 −

P
4,2

=


− 0.16 0.32 0.17 0.63
0.49 − 0.33 0.62 0.35
0.16 0.57 − 0.37 0.39
0.58 0.32 0.21 − 0.31
0.24 0.45 0.51 0.56 −



P
4,3

=


− 0.69 0.55 0.19 0.32
0.19 − 0.41 0.70 0.28
0.43 0.53 − 0.74 0.30
0.59 0.19 0.09 − 0.22
0.51 0.54 0.52 0.78 −

P
4,4

=


− 0.54 0.84 0.55 0.73
0.36 − 0.54 0.49 0.54
0.26 0.28 − 0.32 0.18
0.02 0.10 0.53 − 0.46
0.21 0.31 0.55 0.23 −


The ventilation specialists accept the modified fuzzy preference relations

returned by the automatic process. With them, the global consistency degree
achieved is 0.877 while the consensus reached is 0.797. It means the value
of the optimization criterion, O, is 0.834, which is greater than the required
minimum value (0.8). Therefore, the selection process can be applied.

To generate the weights of the OWA and IOWA operators, the linguistic
quantifier “most” defined by Q(a) = a1/2 is utilized. Applying the selection
process, the following collective fuzzy preference relation is obtained:

CP =


− 0.49 0.42 0.31 0.56
0.35 − 0.45 0.43 0.58
0.48 0.34 − 0.44 0.54
0.49 0.38 0.31 − 0.56
0.37 0.32 0.29 0.25 −


Based upon this collective fuzzy preference relation, the following choice

degrees are obtained after the application of the exploitation phase:

QNGDD1 = 0.89 QGNDD2 = 0.92 QGNDD3 = 0.94

QNGDD2 = 0.92 QGNDD2 = 0.72

According to these choice degrees, the BT-Service company (x3) was se-
lected for renovating the ventilation system.
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6. Concluding remarks and future research directions

To resolve multi-criteria GDM problems with fuzzy preference relations,
this study has proposed a granular-based multi-criteria GDM approach whose
objective is to maximize the consistency and the consensus while minimizing
the information loss. To achieve this goal, first, we have built an automatic
process of consistency and consensus improvement that assumes an average
level of information granularity to allocate it in a non-uniform way among
the entries of the fuzzy preference relations. There exists a mismatch be-
tween the information loss and the consistency and consensus improvement,
i.e., an increment of the consistency and consensus degrees also means an
increment of the information loss. Nevertheless, the average level of informa-
tion granularity, which is bounded, allows to maximize the consensus and the
consistency with a limited information loss between the first and the modified
fuzzy preference relations. Then, taking as a basis this process, we have in-
troduced an interactive process whose main characteristic is the involvement
of the group members when modifying the fuzzy preference relations.

The numerical experiments and the case study conducted have illustrated
the performance and effectiveness of the proposed granular-based approach
to solve multi-criteria GDM problems. In comparison with the approaches
based upon a uniform distribution of information granularity, the proposed
granular-based approach achieves greater values for the consensus and con-
sistency. It is due to a non-uniform allocation allows for a more efficient
use of the resources by allocating higher levels of granularity to the entries
of the fuzzy preference relations that require it the most. It leads to better
decision-making outcomes as higher consistency and consensus degrees are
achieved. These results can be extrapolated to other contexts in which the
granular models can take advantage of a non-uniform distribution of informa-
tion granularity to offer better results, e.g., in time series, neural networks,
or data compression (Liu et al., 2018b; Pedrycz, 2023; Song et al., 2019).

Based upon this study, these future research directions emerge as a first
step at attempting to improve it:

• The proposed granular-based multi-criteria GDM approach makes use
of the PSO. This algorithm has been utilized as some related ap-
proaches have shown that it serves an appropriate optimization frame-
work (Cabrerizo et al., 2014; Liu et al., 2018a). Nevertheless, even
though this algorithm maximizes the value returned by the fitness func-
tion, it does not guarantee an optimal result (we may refer to it as the
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best solution obtained by the PSO). Other related approaches have em-
ployed the differential evolution (Cabrerizo et al., 2022b; Zhang et al.,
2022). However, like the PSO, it is metaheuristic algorithm that may
also end up in a local optimum. Therefore, to solve this shortcoming,
it is necessary to make use of an optimization algorithm guaranteeing
that the global optimum is reached.

• The average level of information granularity admitted by the decision-
maker is a synonym of her/his flexibility, i.e., the higher the admitted
value, the higher the decision-maker’s cooperation to improve consen-
sus and consistency. In the examples performed in this study, we have
assumed that all decision-makers admit the same average level of in-
formation granularity. However, a complete analysis of the decision-
makers’ behaviour should be performed to recognize the factors that
influence the decision-maker’s behaviour and deal with non-cooperative
behaviours (Wu et al., 2021; You et al., 2023).
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